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ABSTRACT

Author: Mijares, Valeria. MSABE
Institution: Purdue University
Degree Received: December 2017
Title: Methodologies for assessing and predicting water quality status for improved
decision-making and management.
Major Professor: Margaret Gitau
With the increasing population and demand for water, it is crucial to be able to assess
its quality on a real-time basis and for predictive purposes. Water-quality Indices (WQIs)
provide a means by which the water quality can be compared across space and time based
on a composite indicator. Index and subindex values can be used to flag contaminants of
concern, guide prioritization of management efforts, and for predictive purposes. In this
study, subindex formulations for key water quality parameters were developed and
enhanced to incorporate water quality targets and criteria. The enhanced subindex
formulations were built into the Unweighted Multiplicative Water Quality Index
(UMWQI) and tested for suitability, with a focus on the Western Lake Erie Basin. The
proposed UMWQI model integrates water quality criteria and targets set forth by the
USEPA and state environmental agencies, in order to improve the water quality status of
the WLEB tributaries. Monthly average subindex values for total suspended solids (TSS)
ranged between 33 and 80 (ranking from “fair” to “very good”), those for total phosphorus
ranged between 31 and 73 (ranking “poor” to “good”), while those for soluble reactive
phosphorus ranged between 13 and 78 (ranking “poor” to “good”). Overall index values
ranged from 35 to 80 throughout the basin, indicating that water quality in the basin is
generally “poor” to “good”, consistent with existing literature and water quality reports. Of
the four sites that were being assessed, the River Raisin site tended to have the highest
annual overall water quality index (cleanest system), with the Tiffin and Blanchard sites
ranking the worst. All four sites had soluble reactive phosphorus as the worst ranking
determinant, indicating that this is the determinant of greatest concern, also consistent with
existing literature. Results indicated that UMWQI and associated subindices as developed
were suitable for use within the WLEB. Methodologies and approaches developed are
applicable in other areas experiencing similar concerns.
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1. INTRODUCTION

Humans have been attracted to bodies of water since the beginning of time (Carpenter et
al., 1998). Water is the most essential natural resource, as all life is dependent on it. With
the increasing growing population and demand for surface water, it is crucial to be able to
assess water quality on a real-time basis. According to the USEPA, approximately 30% of
assessed bodies of surface water fail to attain their designated uses (Baker, 1992). This is
of critical concern, as waters that fail to support their designated uses can potentially lead
to states of emergencies related to water quality. In these cases, water is unusable, whether
it be for drinking, bathing, or recreational purposes.
An example of this is the state of emergency that occurred in 2014 in the city of
Toledo, Ohio. Toledo sits at the shore of Lake Erie, the source for the city’s drinking water
(Henry, 2014). A state of emergency was declared by the governor of Ohio when testing
showed the presence of toxins from harmful algal blooms (HABs) occurring in the Lake
(Chappell, 2014). This rendered the water unsuitable for drinking or for direct contact
(Henry, 2014) due to potential negative health effects, including dizziness, diarrhea,
vomiting, and liver-function problems (WTOL Staff, 2014). The water source had become
toxic, and not much could be done after the situation had already taken place. This situation
is not unique to Lake Erie; recent incidences include HAB occurrence in Florida (Millie et
al., 1997) and the Chesapeake Bay (Anderson et al., 2002). Hence, there is a need for
methodologies that enable pro-active, rather than reactive, water quality management.
Today, a relatively large amount of water quality data exists, and computational
capacity is much improved. These data and capacity can be harnessed to provide
indications of water quality status both in real-time and in a predictive sense, such that one
can tell when and where issues were likely to arise. Water quality indices (WQIs) provide
a simple and reliable method by which water quality parameters can be expressed in
common units and aggregated into a composite value (Gitau et al., 2016) without losing
the scientific foundation of the assessment of water quality (Sutadian et al., 2016). Existing
data can thus be analyzed more efficiently. There are several different methods to calculate
WQIs; each index comprises determinants (5-9) that are reflective of the water quality
status in relation to the intended use (Terrado et al., 2010; Gitau et al., 2016). These capture
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key determinants that most influence the water quality status of a particular body of water
while ensuring that the index is manageable.
In this study, an Unweighted Multiplicative Water Quality Index (UMWQI) which
takes water quality targets into account and ties into critical ecological associations (Ott,
1978) was developed. The unweighted multiplicative model (Brown et al., 1972;
Mcclelland, 1974; Dunnette, 1979) was adopted because of its flexibility and ability to
accurately represent water quality status of the area of interest. Additionally, statistical
distributions and percentiles were used in WQI ranking development, similar to the work
done in Hallock (2002). The associated subindex formulations were re-developed to
include water quality criteria and targets, as well as the distributions of water quality values
for each determinant.
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Figure 1 Western Lake Erie Basin and four selected USGS gauge sites
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The pilot site for this project, the Western Lake Erie Basin (WLEB, Figure 1), was
selected for several reasons: its value as a water resource to both society and the
environment; the severity of its water quality issues including re-eutrophication
(Bridgeman et al., 2012; Kane et al., 2014) and poor water clarity (Daloglu et al., 2012);
and the relatively large amounts of water quality data available in this region.
Methodologies developed are applicable in other areas experiencing similar water quality
challenges.

1.1

Objective

The overall goal of this study was to develop an improved Water Quality Index (WQI) that
incorporated water quality criteria and targets, along with ecoregional demands.
Specifically to:
1) Develop a methodology for calculating an improved WQI by re-designing and
incorporating flexible, criteria-based subindex formulations.
2) Evaluate the impacts of determinant selection and data availability on composite
water quality ratings.
3) Demonstrate

WQI

functionalities,

including

water

quality

assessment,

communication, and prediction.
Subindex formulations were designed to be representative of the region’s ecological
characteristics, considering the intended use of the streams and the determinants that have
the largest impact on water quality.

1.2

Site Description

Together, the Great Lakes make up the largest freshwater system in the world (Niemi et
al., 2014) and collectively hold 21% of the total freshwater on Earth (NRCS, 2015). Water
quality in the Great Lakes has declined to the extent that it is no longer potable (Kane et
al., 2014; Keitzer et al., 2016). Historically, the lake most susceptible to anthropogenic
impacts and faltering water quality among the Great Lakes is Lake Erie (Richards et al.,
2010). In 1965, The Economist stated that the lake was “literally dying” (Stow et al., 2015).
Lake Erie is the shallowest of the Great Lakes, with an average depth of 18m and a
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maximum depth of 64m (Di Toro & Connolly, 1980). Because of this, Lake Erie has been
displaying patterns of re-eutrophication (Kane et al., 2014; Kerr et al., 2016), despite
management efforts and implementation of policies that significantly reduced nonpoint
source pollutants in its three main basins (Baker et al., 2014; Stow et al., 2015).
In particular, the WLEB tributaries (Figure 1, pilot site for this study) have a large
input of contaminants into the lake due to agricultural practices in the basin (Daloglu et al.,
2012; Kane et al., 2014). The WLEB spans through the states of Indiana, Michigan, and
Ohio. This basin has ten HUC 12 sub-basins and covers an area of 2.83 million ha (7
million ac), based on NRCS (2015). The primary sources of nonpoint pollution for the
Western Lake Erie Basin are agriculture (which takes up more than 70% the land use in
the basin) and, to some extent, urban land use. Nonpoint source pollution as a result of
intense agricultural practices in this region is directly linked to the harmful algal blooms in
Lake Erie (Stow et al., 2015). The largest nutrient inputs of the lake originate from the
Maumee River Basin (Bridgeman et al., 2012; Kane et al., 2014; Stow et al., 2015; Keitzer
et al., 2016).
Lake Erie is not only a key drinking water source for 11 million people, but also
generates $20 million in fishing (Cousino et al., 2015) and creates an $11.5 billion tourism
industry in the state of Ohio alone (Schaefer et al., 2013).

The high ecological,

hydrological, educational, and recreational value of Lake Erie has made it one of the
priorities for both local and federal entities for quality monitoring and assessment (ChowFraser, 2006). This includes not just the lake, but also the greater than 20,000 km (12,427
mi) of streams and rivers that were rich with biodiversity (Keitzer et al., 2016). The stream
flow and concentration of nutrients into Lake Erie have been closely monitored by several
entities for the past 40 years. Because of the water quality concerns of these streams, the
high value of the lake to both society and the environment, and the abundance of data, the
Western Lake Erie Basin makes a suitable pilot for the proposed methodology of the water
quality index. Four river gauge sites (Figure 1) were selected in order to assess the water
quality status of the Western Lake Erie Basin as a whole. These were the sites for which
flow (cfs), total suspended solids’ (TSS) concentrations (in mg/L) data was most profuse.
These four sites are described in greater detail in the methodology section.
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The intended or designated use of the water, as well as the eco-region in which the
body of water is located, are critical when it comes to developing the WQIs for any region.
The WLEB is a highly productive agricultural area; designated water uses are protected
through each states’ laws:
•

All Indiana waters are designated for “recreational use and warm water aquatic life
use” as stated in 327 IAC 2-1-3, 2004 (Indiana, 2017).

•

The state of Michigan designates all its water for “total body contact recreation
from May 1st to October 31st,” and strives to protect “surface waters of the state
serving as migratory routes for anadromous salmonoids (MDEQ, 2015).”
Additionally, all waters in the state of Michigan must meet the criteria for seven
more designated uses: Agriculture, Navigation, Indigenous aquatic life and other
wildlife, Partial body contact recreation, Public water supply at point of intake,
Industrial water supply, and Fish consumption. Michigan lists NPS priority
watersheds in the Appendix of the Michigan Nonpoint Source Program Plan
(MDEQ, 2015).

•

The state of Ohio has 16 rivers that benefit from the Ohio’s Healthy Water Initiative
(OHWI), which dates back to 1968. These rivers are designated as state wild,
scenic, and recreational rivers under the provision of Chapter 1517 of the Ohio
Revised Code and are identified as priority high quality waters. Amongst the list of
designated state wild, scenic, and/or recreational rivers are the Maumee River and
the Sandusky River (OEPA, 2014b).
The federal and state governments have set initiatives in order to alleviate some of

the water quality issues facing the Western Lake Erie Basin. The Michigan Department of
Water Quality (DEQ) published Michigan’s Nonpoint Source Program Plan in 2015, in
which one of its six key water strategy priorities was to achieve a 40% phosphorus
reduction in the WLEB tributaries (MDEQ, 2015), along with the state Ohio and the
premier of Ontario (OEPA, 2014b). Different governing entities have different
classifications and thus, designated uses for the rivers within their sovereignty. Therefore,
the same rivers can have different designated uses and associated water quality targets and
criteria based on state boundaries. Collaboration and cooperation amongst these governing
entities were important in order to address the nonpoint source pollution problems.
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2. LITERATURE REVIEW

Water Quality Indices (WQIs) were first proposed in Germany in 1848, where the presence
or absence of certain organisms in sampled water were used as indicators of water quality
status (Abbasi & Abbasi, 2012). The first modern WQI was developed by Horton in 1960
(Horton, 1965). Since then, scientists and environmental organizations have been
developing WQIs and, in fact, many have proposed WQIs for specific purposes and ecoregions (Abbasi & Abbasi, 2012; Gitau et al., 2016; Sutadian et al., 2016). The USEPA
was amongst the first designers of the index framework that is still in use today (USEPA,
2009). WQIs have become more common in the last three decades; Table 1 from Gitau et
al. (2016) shows the most commonly used WQIs, their purpose, ranges, and basis. These
indices have been compared to one another to determine their accuracy and suitability, in
which it was found that the Unweighted Multiplicative Water Quality Index (UMWQI)
and Multiplicative Water Quality Index (MWQI) rated about the same and ranked the best
in terms of consistency, with the UMWQI being more flexible. (Gitau et al., 2016).
With advances in computational power and the increase in availability of and access
to data, WQIs are now easier to use and can provide an accurate and long-term
representation of water quality status. The most common uses for WQIs are assessments
of water quality status and spatial comparisons. These indices have also been used to
evaluate the benefits and provide guidance for management projects. Today’s data
availability and computational capacity provide opportunities for use of WQIs for trends
assessment and predictive analysis.
The concept of using an aggregated value as a composite indicator of status is
common in a variety of disciplines, including economics and ecology (Abbasi & Abbasi,
2012). The indices are not meant to replace biological, chemical, or ecological data, rather,
they provide a means for compiled, accessible information. One example of a commonly
used index for environmental management, even within the Western Lake Erie Basin
(OEPA, 2009a; 2013; 2014a), is the Index for Biological Integrity (IBI). This index is used
to assess the integrity of the water through the monitoring of fish and other aquatic
biological communities and their tolerance and abundance (Karr, 1981). Adaptions of the
IBI are created to accurately assess the aquatic communities with a variety of
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environmental and species profiles. Nevertheless, the IBI has been considered critical in
assessing biodiversity and ecosystem health, especially after the Clean Water Act of 1972
was established (Karr et al 1986; Fore & Karr, 1992). There have been several different
IBIs which take into account the integrity in terms of aquatic plants (Miller et al., 2006),
algae (Mccormick & Cairns, 1994; Deegan et al., 1997), and a range of macroinvertebrates
and fish (Karr, 1991; Karr 1993; Kerans & Karr, 1994; Griffith et al., 2005). Globally, the
development and use of biological indicators to communicate and assess the status and
trends of aquatic ecosystems has played a major role in environmental conservation and
management practices (Poonam et al., 2013).
Another index that is commonly used when attempting to assess the impacts of
management efforts and factors is the phosphorus index. There is a need for management
and assessment of phosphorus levels to address potential problems of eutrophication and
other natural resource concerns (Lemunyon & Gilbert, 1993). This index has been used not
only to determine phosphorus management at a watershed scale and its impact on water
quality (Gburek et al., 2000; Birr & Mulla, 2001), but also in evaluating pastures fertilized
with poultry litter (Delaune et al., 2004a; Delaune et al., 2004b; Delaune et al., 2006),
cropland with potential risk of phosphorus delivery (Mallarino et al., 2002), and even as
an educational tool for risk management (Djodjic & Bergström, 2005).
In economics and commerce, ‘consumer price indices’ are tools for concepts such
as “driver power” and “reach” of commodities to be comparable (Fisher, 1922; Abbasi &
Abbasi, 2012). The Dow Jones Industrial Average is amongst the most well-known stock
market indices, averaging the traded stock of 30 largely publicly owned companies in the
United States. Indices such as the Dow Jones Index not only reflect the exchanges within
the country, but represent the well-being of the economy. That is, if the Dow Jones goes
down, it immediately affects the exchanges of other countries, impacting their respective
indices as well.
Consequently, indices have played an important role in how we assess different
aspects of our life. An index in which a large amount of data is summarized into a single
score is extremely valuable in not just water quality research, but water management, ecorestoration efforts, and water-treatment strategies (Gitau et al., 2005; Abbasi & Abbasi,
2012).
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2.1

Water Quality Indices: Development, Characteristics, and Applications

There were three main steps in the development of the proposed water quality index: 1)
select the determinants of concern; 2) transform all selected determinants into their
corresponding subindices; and, 3) combine the subindices into an overall index (Swamee
& Tyagi, 2007). The crucial point in the development of the water quality index is in
determining key water quality determinants (O’Connor, 1972; Sutadian et al., 2016) for
which subindices need to be developed. For example, in freshwater lakes in which algal
blooms are of concern, phosphorus would be a key determinant, as it is the limiting nutrient
in freshwater ecosystems. Determinants that were included in the WQI calculations must
have “forcing” or “driver power,” that is, they must influence the WQI in a way that is
representative of eco-regional demands (Abbasi & Abbasi, 2012).
Some of the most common representatives are the additive model (AWQI), the
multiplicative model (MWQI), the Oregon model (OWQI), the unweighted multiplicative
model (UMWQI), and the minimum operator (MOWQI). Table 1 presents a summary of
these WQIs. WQIs that have weights assigned to key determinants (Wi) must have the
weights determined in a systematic matter. One of the most common methods, the Delphi
process, involves a panel of experts responding to a series of questionnaires to determine
which determinants should be included in the WQI, as well as the weighing of each key
determinant (Brown et al., 1972; Cude, 2001; Gitau et al., 2016; Sutadian et al., 2016).
However, the panel must not be informed of the other respondents’ answers in order to
avoid bias. A drawback of using the Delphi process, however, is that there is always a
possibility that different panels will give differing rankings of importance for the
determinants, depending on their field of expertise, thus minimizing the indices’ potential
for comparability and objectivity (Lumb et al., 2011a). Assigning weights inherently
creates bias in the water quality index and makes it difficult to add new determinants into
the model since this cannot be done without altering the weights. As a result, weighted
indices have high rigidity and do not easily support changes or additions to water quality
determinants (Swamee & Tyagi, 2007; Lumb et al., 2011a).
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2.1.1

Subindex Equation Formulation

An index is typically comprised of a number of subindices, usually five to nine that are
previously determined to reflect key water quality determinants (Gitau et al., 2016). This
is to ensure that the overall water quality index does not contain redundancies or
determinants that misrepresent the water quality status of the body of water in question.
The formulation of subindex equations is the most crucial component of the
development process of a WQI. Subindex equations are created so that all the determinants’
units and range of concentrations are transformed to a common 0 (worst) to 100 (best)
scale. For example, total phosphorus is measured in milligrams per liter (mg/L), but
turbidity is defined in nephelometric turbidity units (NTU) (Sutadian et al., 2016), and
Escherichia coli is measured by number of colony-forming units (cfu) per 100 milliliters.
The subindex transformation includes the three key determinants in the water quality index,
with each having its own subindex equation and all being expressed in a common unit
(Gitau et al., 2016).
For most WQIs, the overall index can only be aggregated if a common scale exists.
Some, however, use the raw data values to aggregate the overall WQI. This is seen in the
CCME index, which consists of three factors: scope (the extent of the water quality
guideline non-compliance over the time period of interest), frequency (percentage of
individual tests that do not meet water quality criterions), and amplitude (amount by which
the failed test values did not meet the criterion) (CCME, 2001). The raw data values are
used in this multivariate statistical procedure without first being translated to common scale
standardizations (Sutadian et al., 2016). A mathematical equation was developed and
proposed by Said et al. (2004) to directly aggregate indices without transformation (Said
et al., 2004; Sutadian et al., 2016).
Generally, formulation of subindex equations occurs through the development of
subindex rating curves using at least one of three common methods: (1) expert judgement,
(2) use of water quality targets, and (3) statistical methods (Sutadian et al., 2016). These
subindex curves can be summarized into the following categories:
•

Linear: this type of curve can be described as the subindex value being equal to a
constant and one variable (the determinant in question). A general example of such
curve would be as follows:
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𝑄𝑖,𝑡 = 𝑎 ∙ 𝑃𝑖,𝑡 + 𝑏

(1)

Where Qi,t was the ith subindex value from 0-100 for time t, Pi,t was the ith
determinant in question for time t; a and b were constants specific to subindex
curve.
•

Nonlinear: this type of curve can be described as the subindex value being equal to
a constant and some transformation of one variable (the determinant in question).
Quadratic, cubic, radical, and inverse equations are just some of the many examples
of nonlinear subindex equations.

•

Segmented linear: this type of subindex curve can be described as a curve that has
the data partitioned into several linear equations used to calculate the determinants’
subindex value. Equation 2 demonstrates a simplified version of a segmented linear
subindex curve.
𝑐 ∙ 𝑃𝑖,𝑡 + 𝑑,
𝑄𝑖,𝑡 = {
𝑓 ∙ 𝑃𝑖,𝑡 + 𝑔,

𝑃𝑖,𝑡 < 𝑃𝑡𝑎𝑟𝑔𝑒𝑡
𝑃𝑖,𝑡 ≥ 𝑃𝑡𝑎𝑟𝑔𝑒𝑡

(2)

Where Qi,t was the ith subindex value from 0-100 for time t, Pi,t was the ith
determinant in question for time t, and Ptarget is the threshold concentration or value
of the determinant that separates the segments of data; c,d,f, and g are constants
specific to the subindex curve.
•

Segmented nonlinear: this type of subindex curve can be described as a curve that
has the data partitioned into several nonlinear equations used to calculate the
determinants’ subindex value (Abbasi & Abbasi, 2012). Equation 3 demonstrates a
simplified version of a segmented nonlinear subindex curve.

.
𝑄𝑖,𝑡

ℎ ∙ 𝑃𝑖,𝑡 2 + 𝑗,
={
-𝑘√𝑃𝑖,𝑡 + 𝑙,

𝑃𝑖,𝑡 < 𝑃𝑡𝑎𝑟𝑔𝑒𝑡
𝑃𝑖,𝑡 ≥ 𝑃𝑡𝑎𝑟𝑔𝑒𝑡

(3)

Where Qi,t was the ith subindex value from 0-100 for time t, Pi,t was the ith
determinant in question for time t, and Ptarget is the threshold concentration or value
of the determinant that separates the segments of data; h,j,j, and l are constants
specific to the subindex curve.
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Figure 2 Examples of categories of subindex curves. a) Linear subindex curve
Equation; b) Nonlinear subindex curve equation; c) Segmented linear subindex
curve equation; d) Segmented nonlinear subindex curve equation.

2.2

WQIs Implementation around the World

Water quality indices throughout the United States and around the world have mostly been
used for freshwater systems (Lumb et al., 2011a, Lumb et al., 2011b). WQIs have been
developed in Spain (Sánchez et al., 2007), Brazil (Dos Santos Simões et al., 2008; Ferreira
et al., 2011), Canada (Hurley et al., 2012), and other countries. The major influence of the
success of a water quality index for use in decision-making is the support that is provided
by government and authority as a reliable method for assessing water quality status
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(Sutadian et al., 2016). This is seen in the success of the CCME WQI, which was developed
by the Canadian Council of Ministers of the Environment and is regularly used in Canada
for various applications (CCME, 2001; Gitau et al., 2016). Thus, with respect to decisionmaking, water quality indices require the support by such entities to gain credibility and
acknowledgement of reliability in order to be successfully applied. However, the indices
can be re-designed in order to incorporate predictive analyses and hind-cast assessments,
from which information can then be used to advise decision-making and management.

Table 1 Summary of commonly used WQIs along with value ranges and interpretations (Source: Gitau et al. 2016
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2.3

Ecological importance of potential key determinant

The following section summarizes common key water quality determinants. These
determinants are frequently referenced as critical in their impact to the biological
productivity of aquatic ecosystems, as well as the determinants that are of most concern in
terms of water quality management and conservation. They have also been the most
commonly used in literature as crucial components of water quality index models.
2.3.1

Total Phosphorus

Phosphorus is a nutrient that is essential for growth of all life (Said et al., 2004) and is
amongst the most common substances found in nature (Sharpley et al., 2013). Found in
both particulate and dissolved forms (Haygarth & Sharpley, 2000; Cude, 2001),
phosphorous is one of the major pollutants that is associated with agriculture (Novotny,
2003). Phosphorus is known to be a limiting nutrient in the growth of cyanobacteria and
algal growth (Bertram, 1993; Cude, 2001). Research has shown that 25- 50% of particulate
phosphorus and almost 100% of dissolved reactive phosphorus originating from
agricultural land is available for the production of harmful algal blooms (Kerr et al., 2016).
In the Western Lake Erie Basin, there has been an increase in load of soluble reactive
phosphorus within the agricultural productive Maumee River (Richards, 2006; Richards et
al., 2010). Analysis that is more recent has demonstrated an increase in both long-term and
short-term concentration of SRP in the Western Lake Erie Basin (Sekaluvu et al.,
2017).Water management legislation in the Great Lakes region focuses on the reduction of
total phosphorus load as a way to improve water quality status (Depinto et al., 1986;
Daloglu et al., 2012). The different forms and transformations of phosphorus must be
considered, as well as the concentrations, as they have varying levels of impact on aquatic
and terrestrial systems.
2.3.2

Soluble Reactive Phosphorus

Orthophosphates are any compound containing the trivalent group –PO43-. They are a form
of soluble reactive phosphorus. They are the most biologically available form of
phosphorus and can lead to impairment of water quality through the overstimulation of
algae. Particularly in freshwater systems, readily available forms of phosphorus are the
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limiting nutrient in terms of biological needs, and thus it is critical to control such type of
phosphorus from entering susceptible bodies of water (USEPA, 2009).
In more recent studies, the impact of soluble, or soluble reactive phosphorus has
been noted as playing a critical role in harmful algal blooms as well as having a strong
correlation with the depletion of oxygen rates in the Central Lake Erie Basin (Rucinski et
al., 2010; Daloglu et al., 2012). Soluble reactive phosphorus concentrations in the Western
Lake Erie Basin tributaries have increased over the long term (1966 – 2015) and in the
short term (2005 – 2015) have shown an increase of 0.001 mg/L/year (Sekaluvu, Zhang et
al. 2017). There are no universal targets for either total phosphorus or soluble reactive
phosphorus concentrations. According to the USEPA, this is because the effects of both
types of phosphorus differ by region and geophysical factors (USEPA, 2005).
2.3.3

Total Suspended Solids

Suspended solids, or particulates, refer to the mass or concentration of inorganic and
organic matter that were held within the water column due to turbulence (Bilotta & Brazier,
2008). Studies have shown that the fine-grain sediment being actively transported in rivers
were often sourced from the topsoil from agricultural fields (Owens et al., 2005).
Suspended solids in bodies of water may have a range of negative effects on water
resources, from aesthetic degradation to higher costs of treatment, as well as damaging
fisheries and ecological habitats (Bilotta et al., 2012). With changes in temperature, solids
in the water column are prone to release heavy metals into the water and pose a serious
hazard to freshwater aquatic organisms (Mulligan et al., 2009).
The presence of suspended solids can also accelerate the nitrification process,
increasing the amount of nitrifying bacteria and potentially leading to eutrophication (Xia
et al., 2004). Suspended solids can also absorb and release transport pollutants, making it
more difficult to address where the contaminants originated.
Suspended solids have been recognized to be crucial in water quality status
determination, and as such, environmental government entities have established water
quality guidelines and targets that indicate recommended levels of total suspended solids
(TSS) in surface water (Bilotta & Brazier, 2008; USEPA, 2008; Bilotta et al., 2012;
USEPA, 2015). Within the Western Lake Erie Basin, excess sediment runoff from
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agriculture is a concern (Myers et al., 2000). Pollution from urban areas increases the levels
of heavy metals and PCBs of suspended solids. In order to ensure that the PCBs and metals
from the sediment do not reach the Lake Erie, 870,000 m3 of sediment is removed from the
Maumee Bay and the lower part of the Maumee River, costing over $2 million annually
(Cousino et al., 2015). Sediment from the Toledo Harbor was once managed by open-lake
placement and into confined disposal facilities (CDFs), but the Ohio Lake Erie
Commission and the Toledo-Lucas County Port Authority have attempted to minimize the
impacts from the lake by adding more CDFs and using the sediment to restore wetlands
and improve agricultural fields (Hull & Associates, 2012).
2.3.4

Nitrate and Nitrite

Nitrogen is a crucial nutrient for all life and naturally occurs in ecosystems (Dodds et al.,
2002). Nitrogen in the form of fertilizer or animal waste is introduced in agricultural areas
to increase or enhance productivity of crops. However, without careful monitoring and
regulation, excess amounts of nitrogen may be applied. Nitrogen that is applied in greater
amounts than can be taken up by crops has the potential to end up in streams from surface
runoff and leaching (USEPA, 2005; Mueller & Spahr, 2006). The sources of nitrates were
predominantly inorganic fertilizers, as well as human sewage, livestock manure, and
erosion of natural deposits (MDEQ, 2009). Nitrification occurs to some extent in streams
and represents a significant oxygen demand (Cude, 2001). This has the potential to deplete
the dissolved oxygen supply available for aquatic life, causing eutrophication (Carpenter
et al., 1998; Dodds et al., 2002; MDEQ, 2009; Chaffin et al., 2013).
Nitrogen can limit cyanobacterial growth within the Western Lake Erie Basin during
the summer (Chaffin et al., 2013; Kane et al., 2014). In temperate lakes, nitrogen
availability both in concentration and loads can control the abundance of Microcytsis
(Gobler et al., 2016). In freshwater ecosystems, the relationship between algal growth and
nitrogen concentration is weak, but not in estuary and salt water ecosystems (Dubrovsky
et al., 2010). This is not to say that nitrogen cannot affect HABs. Depending on the species
of algae or phytoplankton that exist in a given body of water, the presence of nutrients such
as nitrogen may regulate the toxicity of an algal bloom in freshwater systems (Anderson et
al., 2002). For example, the Pyrmnesium parvum, a haptophyte algae, has been shown to
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produce toxins under both N-or P deficient conditions, and the presence of this algae and
its toxins can influence the growth of other types of algae (Johansson & Granéli, 1999;
Granéli & Johansson, 2003). In addition, the chemical form of the nutrient that is present
may affect its toxicity (Anderson et al., 2002), but this has not been fully studied. It is
recognized that excessive nitrogen loading promotes HAB expansion (Paerl & Scott,
2010). In the WLEB, the cyanobacteria Microcystis have increased in frequency and
number (Cousino et al., 2015), and along with excessive nitrogen loads, may produce more
toxic blooms in the future.
2.3.5

Temperature

Water temperature of streams and rivers is essential to water quality since in-stream
chemical and biological processes are dependent on temperature. For example, chemical
processes, including pollutant transformations, occur at a higher rate with higher
temperatures. Water temperature is dependent on meteorological and geophysical factors
(Cluis, 1972; Stefan & Preud'homme, 1993; Webb & Nobilis, 1997; Bogan et al., 2003),
that is, topography and biome (the elevation and geographic location), as well as seasonal
variation (temperature and climate). Oftentimes, water temperatures are reflective of the
extent of tree canopy and thermal heating from industrial discharges and may change in
response to a changing climate.
Biological activity is dependent on water temperature (USEPA, 2016).
Temperature controls the concentration of dissolved oxygen, in that cold water can hold
more oxygen than warm water, making it more suitable for the survival of aquatic
organisms. Paired with excess nutrients in water, algal blooms may occur with rising
temperatures (OEPA, 2009b). As climate change occurs, there is more need to assess the
change in water quality that also occurs. Rising water temperatures favor cyanobacteria
(Paerl & Huisman, 2008), also known as blue-green algae, which are found in freshwater
and saltwater environments (Mcqueen & Lean, 1987). Cyanobacteria directly threaten
many freshwater systems, including Lake Erie (Paerl & Huisman, 2008).
In Lake Mendota, for example, it was shown that photosynthesis was a valid index
of growth for cyanobacteria (Konopka & Brock, 1978). Though the light dependent
reactions of photosynthesis are not affected by temperature, the rate of reactions catalyzed
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by enzymes through photosynthesis is highly dependent on temperature (Davison, 1991).
In a recent study conducted in Lake Geneva and Bourget, it was seen that the cyanobacteria
abundance was tied to phosphorus concentrations and winter air temperatures (Anneville
et al., 2015). However, there is evidence that greenhouse gases are increasing global
temperatures, aiding temperature-limited species to expand spatially and temporally, which
could in fact alter the frequency and intensity of HABs (Paerl & Huisman, 2009; Paerl et
al., 2011), especially in the context of freshwater lakes such as Lake Erie. With the increase
in nutrient loads, rising temperatures, and release of greenhouse gases, such as CO2,
cyanobacteria have become more prevalent in aquatic ecosystems (Paerl & Huisman, 2008;
2009).
Thus, including temperature in index calculations is critical because the water quality
index should consider changing water temperatures and seasonal fluctuations in water
quality status in relation to the influx of nitrogen and phosphorus from agricultural
nonpoint source pollution into the streams. Despite the importance of temperature with
respect to water quality, associated data are generally not readily available. Dissolved
oxygen and temperature are related, in that the dissolved oxygen follows the seasonal and
daily cycle of temperature (USGS 2017) with colder waters being able to hold more oxygen
(Jones, 2011). Thus, dissolved oxygen subindices can be used in WQIs as surrogates for
water temperature subindices. In the WQI developed for Florida, for example, temperature
was omitted because high temperatures are naturally occurring and using a subindex
temperature equation similar to what is available in the literature would severely punish
the Florida stream’s water quality ranking, even if they were able to support their
designated water uses (USEPA 2009).

2.4

Water Quality Standards, Regulations, and Targets

One of the concerns of the commonly used WQIs is that most do not incorporate water
quality objectives (Gitau et al., 2016). The CCME-WQI considers water quality objectives
such as water quality targets, criteria and/or standards (CCME, 2001; Gitau et al., 2016).
Where there are numeric standards in terms of concentration available, there have been
attempts to assign a ranking with the water quality objective in mind. This is seen by
MOWQI, in which a score of 60 is assigned to waters just meeting a designation of
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“suitable of all uses” (Smith, 1990) and in the approach by USEPA (2010) in which the
rank of 70 was given to the determinants respective criterion (USEPA, 2010; Gitau et al.,
2016). Thus, for the aforementioned key determinants, the water quality standards and
ecological thresholds were taken into account when creating the water quality index.
Table 2 compiles all the information found from the federal and state governments
within the Western Lake Erie Basin in terms of water quality targets on a concentration
basis. For those key determinants for which there was no water quality concentration
standard set, a target was set based on standards from other states for similar designated
uses. If no standards were found, then the targets were set based on recommendations in
the literature. We used the targets for the WLEB tributaries to be able to best represent that
basin’s water quality status.

Table 2 Summary of potential key determinants, their ecological effects, and WQI concentration thresholds
Determinant

Ecological Effects

WQI
Target

References

Total Phosphorus
(TP)

•

25-50% particulate phosphorus from
agricultural lands contribute to
HABS

0.1 mg/L

Kerr et al (2016); Richards (2006, 2010);
Kane et al (2014); Stow et al (2015).

Soluble Reactive
Phosphorus (SRP)

•

0.005
mg/L

Daloglu et al (2012); Rucinski et al (2010);
Richards et al (2002)

•

100% SRP from agricultural lands
contributes to HABS
86% increase from 1975 to 1995

Total Suspended
Solids (TSS)

•
•
•
•

Aesthetic degradation
Higher costs of treatment
Release of toxic/heavy metals
May accelerate nitrification process

60 mg/L

Owens (2005); Bilotta et al (2008, 2012);
Mulligan et al (2009); Myers & Myers
(2000)

Nitrate +
Nitrite (NO2-3)

•

Excessive levels may deplete
dissolved oxygen supply
Contribute to cyanobacteria growth

10 mg/L

Vitousek et al (2002); Mueller & Spahr
(2005); Chaffin et al (2013)

Biological productivity
Closely tied with available dissolved
oxygen supply
Controls rate of chemical processes

N/A

Cude (2001); Cluis (1972); Stefan &
Preud’homme (1993); Webb & Nobilis
(1995)

•
Temperature

•
•
•
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3. METHODOLOGY

3.1

Heidelberg Tributary Loading Program (HTLP)

Due to the efforts of the National Center for Water Quality Research at Heidelberg
University, a relatively large amount of data is available for the Western Lake Erie Basin,
which has made it possible to conduct studies such as this one (Heidelberg University,
2017). The primary purpose of the HTLP is to measure the amount of pollutants moving
past particular sampling stations on a river. This effort is funded by a combination of state
and federal agencies, foundations, and industries. The data are publicly available
(https://ncwqr.org/monitoring/data/).
The program was initiated in 1974, and is the oldest and most detailed program in
its kind in the United States, with over 142,000 samples that have been analyzed for
sediments, nutrients, and other parameters listed below. The following were the water
quality determinants for which data was available:

3.2

•

Flow (cfs)

•

Suspended Solids (mg/L)

•

Total Phosphorus (mg/L as P)

•

Soluble Reactive Phosphorus (mg/L as P)

•

Nitrate and nitrites (mg/L as N)

•

Total Kjeldahl Nitrogen (mg/L as N)

•

Chloride (mg/L)

•

Sulfate (mg/L)

•

Silica (mg/L)

•

Conductivity (µmho)

Contaminant Concentration Data Retrieval and Processing

This dataset has both zero and negative concentrations depicting values that were below
instrument detection limit and/or random instrument error based on the metadata
(Heidelberg University, National Center for Water Quality Research, Tributary Loading
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Website (http://www.heidelberg.edu/academiclife/distinctive/ncwqr/data). These values
were not removed from the analysis as per recommendations in the metadata.
Data points for the water quality determinants were recorded once or more a day
for the dates in which records existed. In order to remove duplicates or multiple same-day
sampling, daily flow-weighted averages were calculated using the statistical software JMP.
Equation 1 shows how the daily flow-weighted average was calculated:
𝑃̅𝑓𝑤,𝑡 =

∑𝑛𝑖=1 𝑃𝑖 ∙ 𝐹𝑖
∑𝑛𝑖=1 𝐹𝑖

(4)

where Pfw is the flow-weighted average of determinant P (mg/L) for day t, Pi is the ith water
quality determinant sample taken on day t, and Fi is the ith stream flow measurement (ft3/s)
taken on day t.
The datasets included all the dates for each sampling site and these dates, along
with the concentration of TSS, TP, SRP, and NO2-3 were joined to the original dataset using
a full outer join in JMP. Table 3 summarizes the datasets’ date range, the number of daily
flow-weighted averages, and the percentage of missing data per key determinant in said
date range.
Determinants that were selected as representative of the WLEB tributary water
quality status were Total Suspended Solids (TSS), Total Phosphorus (TP), Soluble
Reactive Phosphorus (SRP), and Temperature. At first, Nitrate-nitrites (NO2-3) was
included, but temperature was not; this was because in some WQI models, temperature
could skew the overall water quality index, as explained in the development of the WQIs
for the waters of Florida (USEPA, 2009). Preliminary analysis showed that the overall
WQIs did not react as expected when the data was broken up by season; the WQI was not
demonstrating the decline of water quality status during the warmer months. Seasonal
water temperatures have been found important for the tributaries in the WLEB in relation
to water quality and HABs (OEPA, 2009a; Richards et al., 2010; OEPA, 2014a; Stow et
al., 2015). It was thus concluded that a temperature subindex was needed for the WQI. For
this study, Table 3 summarizes the data availability for the selected sites, as well as their
length, for this data source. These datasets had biochemical determinants, such as TSS, TP,
SRP, and NO2-3. The Maumee River dataset was the longest, ranging from 1975 to 2015;
however, there is a five-year gap within the datasets from 1980 to 1985.
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3.3

Data Retrieval and Processing from other sources

Additional water quality data sources used for the development of the WQI were the USGS
National Water Information System (https://waterdata.USGS.gov/nwis), and NOAA
Climate Data Online (https://www.ncdc.noaa.gov/cdo-web/).
The USGS National Water Information System is part of the USGS Water Data for
the Nation site, which has approximately 1.5 million sites for ground and surface water
with historical and current data in the fifty states, the District of Columbia, Puerto Rico,
the Virgin Islands, Guam, American Samoa, and the Commonwealth of the Northern
Mariana Islands (USGS, 2017). The USGS National Water Information System was used
to obtain water temperature data for the Western Lake Erie Basin. Eight water temperature
gauging stations throughout the basin were considered, with data ranging from 1950 to
2015. However, none of the datasets were complete, and it was necessary to aggregate
them into a single dataset to represent water temperature data in the Western Lake Erie
Basin. Table 21 shows the water temperature datasets and their date ranges.
The NOAA Climate Data Online is a part of the National Center for Environmental
Information (NCEI), which provides the platform for accessing national and global
oceanic, atmospheric, and geophysical datasets (NOAA, 2017). Twenty weather stations
from the NOAA Climate Data Online database were used with data for the years of 1950
to 2015 to develop a water and air temperature relationship. This was necessary because
there was not sufficient data for the raw water temperature data from the basin with which
to calculate temperature subindices and the overall WQI for a 20-year period. The locations
and coverage percentage can be found in the Appendix, Table 23.
3.3.1

River Raisin Watershed

The River Raisin Gauge Watershed (also USGS 04176500) is located in Monroe, MI
(41.9006 °N, 83.3544 °W). The River Raisin flows for 224 km (139 mi), with a drainage
area of 2,780 km2 (1073.36 mi2). It runs through five counties in Michigan: Lenawee,
Monroe, Washtenaw, Jackson, and Hillsdale, and a fraction of Fulton County in Ohio
(Rrwc, 2017). The land use around the River Raisin is classified predominantly as
agricultural use (~75%), with only 6% as residential and 5% as open fields. Currently, the
water quality conditions reflect the land conversion of wetlands to agriculture and
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industrial use, resulting in degraded water quality and biological health of the WLEB
tributaries (MDEQ, 2009). The site at Monroe is reflective of the entire watershed, as it is
at the mouth and draining into Lake Erie. In terms of aquatic life, the River Raisin has
shown consistently healthy macroinvertebrates with the MiCorp (Michigan Clean Water
Corp) Index (https://micorps.net/) rating of “good” for most of the sites monitored from
2002-2007. Nevertheless, habitat modification and stream channelization have rendered
the Little River Raisin and the South Branch of the Raisin impaired and not supporting
aquatic and wildlife use. For public water supply, the stream running amid Blissfield and
Lenawee County, roughly 26 km (162 mi) shows signs of impairment due to nitrate
concentrations exceeding the USEPA standard of 10 mg/L. Because the main sources of
drinking water were the River Raisin and ground water, it is crucial that the nitrate levels
be assessed, as this pollutant is a MDEQ-Listed Impairment and Pollutant for Existing
TMDLs (MDEQ, 2009).

3.3.2

Blanchard River Watershed

The Blanchard River Gauge (also USGS 01489000) is located in Findlay, OH (41.9006 °N,
83.3544 °W). The Blanchard River is fed by watersheds covering portions of Allen,
Hancock, Hardin, Putnam, and Wyandot counties in northwest Ohio, as well as parts of
Indiana, covering 1997 km2 (771 mi2) (OEPA, 2014b). Most of the land cover classification
of the Blanchard River watershed is cultivated crop, but about 10% of the area is developed
land, including the City of Findlay. The Findlay area experiences damages from overbank
flooding because of the incapacity of the Blanchard River and its tributaries (USACE,
2015). The City of Findlay and the Village of Ottawa receive their drinking water from a
pump connected to the river (OEPA, 2009a). The designated uses for the Blanchard River
and its tributaries are Primary Contact Recreation, warm water habitat (WWH), modified
warm water habitat (MWH), limited resource water (LRW) for aquatic life, and Public
Water Supply (OEPA, 2009a; b). In 2005, Ohio EPA scientists collected biological,
chemical, and physical data on the Blanchard River watershed. Organic enrichment has
historically been a concern for impairment that was identified by the OEPA for the
Blanchard River watershed; however, it seemed that biochemical oxygen demand,
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chemical oxygen demand, and Kjeldahl nitrogen were below background levels based on
the 2005 grab sample data, with the potential of dissolved oxygen continuing to be a threat
to aquatic use attainment (OEPA, 2007). Waters designated as a modified water habitat
(MWH) were found incapable of supporting and maintaining a balanced integrated
community due to irreversible modification done to the physical habitat (OEPA, 2009a).
In terms of recreational use, the Blanchard River watershed was evaluated by the
standards of a Primary Contact Recreation body of water, as it is frequently used for
activities such as fishing, hunting, and boating. The mainstem maintained good sanitary
conditions, however, there were six to eight violations with Ottawa Creek being amongst
the least degraded tributaries and Eagle Creek the most degraded (OEPA, 2009a; b). The
water quality for public water use was compliant with the Ohio Water Quality and Drinking
Water Standards (3745-1-07) Primary Drinking Water Standards (OAC 3745-81). Some
of the secondary contaminants, such as iron and magnesium, exceeded the Secondary
Contaminant Standards (OAC 3745- 82), but they were closer to the bottom depths of the
sediment interface (OEPA, 2009b).
In total, 116 sites were surveyed within the watershed, and it was found that the
Blanchard River itself showed overall good water quality (OEPA, 2009a). However, only
40% of the tributary streams met the water quality goals. This was due to high algae
production caused by excess nutrients from agricultural fields (OEPA, 2009a; b). Results
also showed that nutrient levels exceeded criteria in the Spring in the Blanchard River
Watershed. This ultimately led to algae blooms in the Summer as water temperatures
warmed. The recommendations indicated that reduction of nutrients contained in runoff
during the spring from upper portions of the watershed would benefit the water quality in
the Findlay Reservoir and near the Village of Ottawa, as that would eliminate the
occurrence of late summer algal blooms (OEPA, 2009a).

3.3.3

Maumee River Watershed

The Maumee River Gauge (also USGS 01493500) is located in Waterville, OH (41.5 °N,
83.7128 °W). The watershed spans 17093.9 km2 (6600 mi2) across Indiana and over 20
counties in northwest Ohio. Most of the watershed is cultivated cropland, but 11.5% of the
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land is urban development. Multiple communities draw water from the river, including
Bowling Green, McClure, Napoleon, and Defiance. Contaminants within the Maumee
River have been found to have severe impacts on Lake Erie and perpetuate the prevalence
of Harmful Algal Blooms (HABs) (Bridgeman et al., 2012; Kane et al., 2014; Stow et al.,
2015; Keitzer et al., 2016).
The Maumee River mainstem was sampled in 2012 and 2013 and achieved
marginally good standing in terms of being a warm water habitat through the Index of
Biotic Integrity (IBI) and Modified Index of well-being (MIwb) (OEPA, 2014a). In terms
of the physical habitat quality, the Maumee River was able to support aquatic life according
the Ohio EPA. The Maumee River mainstem has designations which include WWH,
MWH-I, Primary Contact Recreation (PCR), Public Water Supply (PWS), Agricultural
Water Supply (AWS), and Industrial Water Supply (IWS). The increase of annual
discharge in the Maumee River since the mid-1990s has resulted in large increases of
soluble reactive phosphorus. Despite the decline of total phosphorus loadings, the amount
of readily available phosphorus has increased (Richards et al., 2002; Bridgeman et al.,
2012; Daloglu et al., 2012). This readily available phosphorus promotes the persistence of
HAB, creating poor water quality (OEPA, 2014a). Currently, it is unknown how the
partitioning of phosphorus changes as water moves from the Maumee River into the open
lake and what the summer algal blooms have on the available water column of phosphorus
(Bridgeman et al., 2012).
In terms of recreational use, the water quality criteria for recreational use were
outlined in the Ohio Water Quality Standards (OAC 3745-1-07). Most of the sites within
the Maumee River basin were in good water quality; of the 27 locations that were tested,
only 3 of them had demonstrated impairment for recreational use of these areas. Public
water supply for the Maumee River is described by the Water Quality Standards (OAC
3745-1-33) and were determined by the concentrations and levels of nitrite and pesticides.
In the basin, there were four public water systems (Defiance, Napoleon, Campbell Soup
Company, and Bowling Green) that were directly served by the Maumee River mainstem.
These public water systems have historically been considered impaired due to nitrate levels
exceeding the 10 mg/L water quality standard. In 2012, all public water supply systems’
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results showed nitrate levels < 10 mg/L and < 3 L/g of atrazine, falling within the water
quality criterions (OEPA, 2014a).

3.3.4

Tiffin River Watershed

The Tiffin River Watershed (also USGS 04197170) is located in Rock Creek, Ohio
(41.6779 °N, 84.2319 °W). It is one of the principal drainage networks and comprises about
11.7% of the Maumee River basin. The Tiffin River Watershed spans 947.9 km2 (366 mi2)
across Michigan and Ohio. Most of land use within the watershed is agriculture (81.82%).
The remaining portion is primarily composed of urban and residential use. The Village of
Archbold is the only community that relies on surface water intake from the Tiffin River
watershed for public drinking supply. Other communities primarily use ground water as
the source of public drinking supply.
The watershed is composed of poorly drained soils, requiring extensive tile
drainage networks to facilitate agricultural production. To support tile drainage many
streams have been channelized, which is a nonpoint source affecting water quality in the
area (OEPA, 2013). In 2012, the Ohio Environmental Protection Agency sampled 10
locations of the Tiffin River mainstem and found them all to be able to support aquatic life.
This is a significant increase from 1992, where only one of those sites was able to fully
attain wildlife use designation. Sediment was deemed to be above the threshold effect
concentration (TEC), but below probable effect concentration (PEC) and unlikely to cause
harmful effects. In terms of public water supply (PWS), the Village of Archbold serves
6,000 people from two reservoirs. Both nitrate and atrazine levels were below the
respective water quality criterions (10 mg/L and 3 mg/L). Since 2014, a new core indicator
took algae and associated cyanotoxins into account for assessments of PWS. Samples in
2013 and 2014 were taken for evidence of HABs in the Village of Archbold, but all results
were below detection (OEPA, 2013).
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3.4

Air and Water Temperature Relationship

Table 4 shows the observed water temperature data found throughout the WLEB. This
dataset was aggregated to assess the data availability of observed water temperature. Data
was missing from 1991 to 2011 (Table 20), making it difficult to develop a suitable
subindex for water temperature. It was then necessary to find a means of estimating water
temperatures to have a continuous dataset with which to develop a temperature subindex.
This was done by developing an air and water temperature relationship based on Cluis
(1972), Stefan & Preud'homme (1993), and Webb (1997), which was feasible given that
air temperature data are generally more accessible and available than water temperature
data. The development process for the air and water temperature relationship is explained
extensively in the Appendix in section 6.1. Through statistical analysis, a linear relationship
between the observed air temperature and the aggregated water temperature was developed
to include water temperature in the proposed WQI.
The linear relationship developed between the aggregated air temperature and the
aggregated water temperature dataset was as follows:
𝑇𝑤 (𝑡) = 17.532 + 0.8264 ∙ 𝑇𝑎 (𝑡)

(5)

where Tw is the water temperature in Celsius (C), and Ta is the air temperature in Celsius
(C) for day t. Statistics for this linear regression are shown in Table 3.
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Table 3 Statistics for the linear regression of water and air temperature in the WLEB
Statistic

Equation

Value

∑𝑛𝑖=1(𝑂𝑖 − 𝑂̅)(𝑃𝑖 − 𝑃̅)
R2

√∑𝑛𝑖=1(𝑂𝑖 − 𝑂̅)2 √∑𝑛𝑖=1(𝑃𝑖 − 𝑃̅ )2
∑𝑛𝑖=1(𝑂𝑖 − 𝑃𝑖 )2
∑𝑛𝑖=1(𝑂𝑖 − 𝑂̅)2

NSE

1−

P-bias

∑𝑛𝑖=1 𝑂𝑖 − 𝑃𝑖
𝑥100
∑𝑛𝑖=1 𝑂𝑖

0.82

0.82
0.0014

Based on these statistics, the linear relationship between the aggregated air
temperature dataset and the aggregated water temperature datasets for the Western Lake
Erie Basin was suitable for use in estimating water temperatures.
According to the distribution of the data, water temperature varied from 0C to
20C. The lower limit was potentially due to the difficulty in assessing water temperature
when approaching the triple point of water (the temperature at which water can exist as
liquid, solid, and gas) of 0.0098C (Huvard et al., 2005), which can cause difficulty in
attempting to measure the temperature if the water was frozen. To assess for a stronger
linear relationship, the “tail” of the data (anything beyond -24.2 C) was removed and the
statistics recalculated until the maximum R2 was found. Table 4 shows the adjusted value.
Through trial and error, it was found that the optimal value for the R2 and NSE value could
be obtained by removing values less than -24.2 C.
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Table 4 Adjusted statistics for the linear regression of water and air temperature in the
WLEB
Statistic

Equation

Value

∑𝑛𝑖=1(𝑂𝑖 − 𝑂̅)(𝑃𝑖 − 𝑃̅)
R2

√∑𝑛𝑖=1(𝑂𝑖 − 𝑂̅)2 √∑𝑛𝑖=1(𝑃𝑖 − 𝑃̅ )2
∑𝑛𝑖=1(𝑂𝑖 − 𝑃𝑖 )2
∑𝑛𝑖=1(𝑂𝑖 − 𝑂̅)2

NSE

1−

P-bias

∑𝑛𝑖=1 𝑂𝑖 − 𝑃𝑖
𝑥100
∑𝑛𝑖=1 𝑂𝑖

0.84

0.83
-2.04

The removal of the air temperature values less than -24.2 C resulted in relatively
small changes in performance statistics although the p-bias value dropped below zero
(taking on a value that was worse than before). As according to Moriasi et al. (2015), since
both R2 and NSE are above 0.75, the theoretical water temperature dataset based upon the
water and air temperature relationship was suitable for use in estimating water temperatures
within the Western Lake Erie Basin.

3.5

Development of Water Quality Targets

Table 2 shows the water quality targets for each of the determinants considered in this
study, their impact on bodies of water, as well as the water quality standards and established
thresholds that were implemented in the water quality index model developed through this
study. For total phosphorus, in 1992 the USEPA recommended a maximum concentration
of 0.1 mg/L within streams that do not directly enter reservoirs or lakes, and a 0.05 mg/L
maximum concentration for points within a stream that enters a lake or reservoir (Mueller
& Helsel, 2006). For orthophosphates, the Wawasee Area Conservancy Foundation
recommendation for lake systems as defined in NESWP 344 (IDEM, 2014) was used as
the water quality target (maximum level of 0.005 mg/L). The total suspended sediment
standards varied from state to state, and though the majority of the state standards were
based on turbidity, the threshold of 60 mg/L was used based on an average value from
states such as North and South Dakota, New Jersey, Hawaii, and Alaska (USEPA, 2015).
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For nitrates-nitrites, the Clean Water Act establishes a criterion of 10 mg/L (USEPA,
2008). This value was used as the water quality target for the proposed WQI model.

3.6

Temperature Subindex Equation

Temperature, being the only potential key determinant that is not a contaminant, required
a different set of subindex equations. Unlike TSS, TP, SRP, and NO2-3, this potential key
determinant is directly tied with the bioproductivity of a waterbody. There is also not a
threshold for temperature, as the historical and natural temperatures vary based on physical
characteristics of the stream, as well as the geographic location (USEPA, 2005).
For temperature, the subindex equation from Cude (2001) was used. The
justification for the use of this equation was that it was created for cold water fisheries and
is particularly sensitive to higher temperatures. Because the Western Lake Erie Basin is
more susceptible to algal blooms in the summer when the temperature is higher, the
equations developed by Cude (2001) that were stricter on temperature would give a more
accurate representation of the water quality status in terms of temperature and its tie to
HAB prevalence in the basin.
Equation 6 shows the subindex equation obtained from Cude (2001):
Temp ≤ 11°C
𝑄𝑡𝑒𝑚𝑝,𝑡 = {11°C < Temp ≤ 29°C
29°C < T

100
76.54 + 4.172 ∙ 𝑇 − 0.1623𝑇 2 − 2.0557 ∙ 10−3 ∙ 𝑇 3
10

(6)

where Qtemp,t is the subindex value for temperature of day t, and T is temperature in degrees
Celsius. Warm-water habitats (WWH), according to the Michigan Department of
Environmental Quality (MDEQ), should have summer temperatures of 60-70⁰F (15.6 21⁰C) (MDEQ, 2009; 2015). The Cude (2001) subindex equation for temperature, though
it was originally for cold-water habitats with a water temperature threshold of 29⁰C, could
be considered more conservative than the values provided as adequate for WWH by the
MDEQ.
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As the following shows how the “threshold” of temperature was calculated from
Equation 6, by finding the temperature at which the subindex equation gave a ranking of
40, which was at a temperature of 25.9 ⁰C (78.6 ⁰F). To ensure that this threshold made
sense, the Table 5 shown from Eaton and Scheller (1996) was used to assess what the
weekly average temperature tolerance was for 57 fish species throughout the United States,
along with their classification of habitat. As seen in Table 5, the threshold was considered
reasonable as maximum tolerance of water temperature indicative of fish species living
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Figure 3 Finding the threshold value for the Cude (2001) temperature subindex
equation
under extreme stress.
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Table 5 Climate conditions and maximum temperature tolerance of American fish
species (Source: Eaton and Scheller, 1996)
Habitat Designation
Cold Water
Cutthroat trout
Coho salmon
Rainbow trout
Brown trout
Mottled sculpin
Cool Water
Johnny darter
Longnose dace
Creek chub
Blacknose dace
White sucker
Northern pike
Walleye
Pumpkinseed
Yellow perch
Common shiner
Rock bass
Brown bullhead
Smallmouth bass
Golden redhorse
Northern hog sucker
Silver redhorse
Warm Water
Bluntnose minnow
Sauger
Black crappie
Golden shiner
Spotted bass
White perch
White crappie
White bass
Longnose gar

Max tolerance (⁰C)
Oncorhynchus clarki
Oncorhynchus kisutch
Oncorhynchus mykiss
Salmo trutta
Cottus bairdi

23.3
23.4
24.0
24.1
24.3

Etheostmoa nigrum
Rhinichthys cataractae
Semotilus atromaculatus
Rhinichthys atratulus
Catostomus commersoni
Esox lucius
Stizostedion vitreum
Lepomis gibbosus
Perca flavescens
Luxilus cornutus
Ambloplites rupestris
Ameiurus nebulosus
Micropterus dolomieui
Moxostoma erythurum
Hypentelium nigricans
Moxostoma anisurum

26.5
26.5
27.2
27.2
27.4
28.0
29.0
29.1
29.1
29.2
29.3
29.4
29.5
29.6
29.6
29.6

Pimephales notatus
Stizostedion canadense
Pomoxis nigromaculatus
Notemigonus crysoleucas
Micropterus punctulatus
Morone americana
Pomoxis annularis
Morone chrysops
Lepisosteus osseus

30.1
30.1
30.5
30.9
30.9
30.9
31.0
31.4
31.5
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3.7 Water Quality Index Computation
In terms of method of computation, the water quality index varies from McClelland’s
approach of assigning a weight to subindices to that of the unweighted multiplicative model
shown in the work of Harkins (1974), which is based on Kendall’s nonparametric
multivariate ranking procedure (Landwehr & Deininger, 1976). Equation 7, which was
taken from Table 1, shows how the overall water quality index was calculated:
𝑛

1
𝑛

𝑈𝑀𝑊𝑄𝐼 = (∏ 𝑄𝑖 )

(7)

𝑖=1

where Qi is the subindex value from 0 to 100, n is the number of key determinants within
the WQI, and UMWQI is the geometric mean of the subindex values.
The UMWQI model minimizes ambiguity between the overall index and the
subindex values, and provides flexibility by allowing removal and addition of determinants
(Gitau et al., 2016). As configured for this study, the UMWQI does not calculate the overall
index for any one day unless all the key determinants have data points available for that
given day.
In order to ensure the accuracy of development of the subindex equations for TSS,
TP, SRP, and NO2-3, it was necessary to verify that the subindex equation curve parameters
remained static over time; that is, excluding a portion of the data would not cause the
piecewise subindex equation to look substantially different than when the entire datasets
were being taken into consideration.
The Maumee River datasets (USGS 04193500) was used to verify the subindex equations.
It had the longest and most consistent datasets, thus the best datasets with which to verify
the validity of the equations. For this assessment, the entire datasets (1975-2015) was
broken up into two portions: data from the years 1975 to 2005 and data from the years 2006
to 2015. The earlier dataset was used to calculate the subindex curve parameters, while the
second portion was used to validate the subindex curve parameters to ensure that they
would not alter drastically when this latter section of the data was removed.
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3.8 Determinant Selection for the Western Lake Erie Basin
An important part of developing a water quality index was ensuring that the index was
representative of the water of body in question, as well as determining what contaminants
have a critical impact on the water quality status.
The key determinants that are listed in Table 2 —TSS, SRP, TP, NO2-3, and water
temperature — represent potential key determinants. Depending on the eco-regional
demands and the intended use of the water body in question, the determinants included in
the water quality index may change. The Unweighted Multiplicative Water Quality Index
assigns equal weights to the determinants, promoting flexibility.
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Figure 4 Distribution of total phosphorus (TP) concentrations  0.1mg/L for gauge site
USGS 04193500 from years 1975–1985 (N=6), 1986–1995 (N=86), 1996–2005 (N=396),
and 2006–2015 (N = 278
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Table 6 Distribution of total phosphorus (TP) concentrations  0.1mg/L for gauge site
USGS 04193500 from years 1975–1985, 1986–1995, 1996–2005, and 2006–2015
USGS 04193500
1975–1985

1986–1995

1996–2005

2006–2015

Mean

0.083

0.09

0.082

0.087

Standard Deviation

0.014

0.008

0.014

0.011

Standard Error Mean

0.0006

0.0007

0.0007

0.0006

Upper 95% Mean

0.084

0.091

0.083

0.088

Lower 95% Mean

0.081

0.088

0.080

0.086

Figure 4 shows the distributions of the total phosphorus concentrations within the
water quality threshold of 0.1 mg/L in order to assess the distribution of “passing” data –
that is, data that receives a subindex ranking of at least a 40 . The passing data values
between 1975 and 2005 (N =526) had a mean concentration value of 0.0831 mg/L
(±0.0142) and a median value of 0.09 mg/L. The passing data values for the years 2006–
2015 (N = 278) had a mean value of 0.0869 mg/L (±0.0115) and a median value of 0.089
mg/L. The 1975–2005 dataset had an interquartile range (IQR) value of 0.0244 mg/L and
the 2006–2015 dataset one of 0.013 mg/L. Though the 1975–2005 data had a lower mean
and median, the IQR was higher, indicating a larger spread. The 2006–2015 data had more
of the data concentrated closer to the threshold, as seen with the drastic change in the
subindex values indicating that water quality was barely passing the total phosphorus water
quality criterion. The reason for only assessing the data at or below 0.1 mg/L for TP was
to be able to see how the piecewise equations for the passing data would change.
In the initial calculations, if the determinant failed its respective water quality
threshold, it received a subindex value of 39. That meant that the lowest value that was
received was a 39, and not a 0. It became apparent that lower values would be necessary,
since the water body could potentially find alternative uses, up to a point, even with one or
more determinants failing to meet their respective water quality targets. For example, a
water body that does not meet drinking water targets has the potential to support
recreational or aquatic wildlife use. However, once water quality becomes too poor to
support recreational and wildlife uses, the overall index must reflect that the body of water
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is not suitable for these uses as well. Therefore, it was important to demonstrate that the
decline in water quality status in the WQI was still suitable up to a point, and then was no
longer suitable, as opposed to ranking it to one value that was deemed as “bad.” Thus, a
score 39 for any determinants was indicative of “failing” the water quality threshold of
equivalent severity, regardless of having differentiating thresholds or measurement units.
The chemical key determinants that were included in the WQI should be
representative of their impact on the water quality status for the water body being assessed.
Thus, it was necessary to assess if certain determinants were of particular concern. Because
the WQI is dependent on thresholds set forth for water management purposes, if most of
the data for a determinant was below the threshold for their respective contaminant, then
said determinant was considered to not be of serious concern. This was suitable for the
determinants used in this study, but this is not always necessarily the case; for example,
the presence of pathogens, such as E. coli, is of serious concern any time that their
concentration exceeds the regulatory threshold.
Table 7 demonstrates the availability of data by gauge site and potential key
determinant. The water quality data from each site was taken from the HTLP data, and the
flow data were collected by the USGS. The site names are what are used as identifiers by
Heidelberg University, and the station numbers are utilized by the USGS. Table 8
demonstrates the locations of the water temperature data collected, and the number of data
points available in each site. Though missing data for these datasets, this data was selected
based upon the fact that it was in fact the most profuse data available.

Table 7 Datasets date ranges and percentage of missing data for select gauge sites
Site
River Raisin
Tiffin River
Maumee River
Blanchard River

Station No. for
Flow Data
USGS 04176500
USGS 04197170
USGS 04193500
USGS 04189000

Time Range
1982 - 2015

Number of Data points
TSS
TP
SRP
8770
8795
8758

NO2-3
8820

% Missing Data
TSS
TP
SRP
28.96 28.76 29.63

NO2-3
30.38

2007 - 2015
1975 - 2015
2007 - 2015

1133
12870
2954

1145
12889
2963

63.46
16.32
4.77

63.09
16.15
4.48

1141
12896
2959

1140
12858
2955

63.22
16.08
4.61

63.25
16.43
4.73

Table 8 Water temperature data range for select gauge sites
Site

Location

River Raisin
St. Joseph’s River
St. Mary’s River
St. Mary’s River
Auglaize River
Eagle Creek
Auglaize River

Monroe, MI

Maumee River

near Fort Wayne, IN
near Fort Wayne, IN
Fort Wayne, IN
Fort Jennings, OH
above Findlay, OH
near Defiance, OH
near Waterville, OH
Waterville, OH

Latitude

Longitude

Station No.

Time Range

41.96
41.11
40.99
41.08
40.95
40.98
41.23

83.53
85.13
85.11
85.15
84.27
83.65
84.40

2011 – 2015
2015
1967
2015
1969 – 1978
2014 – 2017
1966 - 1976

15
2
12
3021
937
3418

41.50

83.71

USGS 04176500
USGS 04180610
USGS 04182000
USGS 04182769
USGS 04186500
USGS 04188496
USGS 04191500
USGS 04193490
USGS 04193500

Number of
Data Points
2225

1951 – 2017

15801
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In order to assess which water quality determinants were most crucial in
determining the water quality status of the Western Lake Erie Basin, the concentrations for
total suspended solids (TSS), total phosphorus (TP), soluble reactive phosphorus (SRP),
and nitrate-nitrite (NO2-3) were assessed to determine which were driving the water quality
status of the tributaries in the WLEB. The thresholds listed in Table 2 were used to assess
if the water quality status was being critically affected by the potential key determinants.
Figures 16-19 in the Appendix show the distribution of each of the four determinants for
each of the four sites. The red line shows the water quality threshold values for the
respective determinant. Tables 29-32 in the Appendix show the summary statistics for the
respective water quality determinants.
Table 9 shows the percentage of data for all four sites which fell below its respective
criterion (i.e. “passes the water quality target”).
Table 9 Percent of data passing respective water quality target
Site

Station No.

River Raisin

USGS 04176500

Blanchard River
Maumee River
Tiffin River

USGS 04189000
USGS 04193500
USGS 04197170

% Data Passing
Water Quality Threshold
NO2-3
SRP
TP
98.9
19.8
51

TSS
81.9

93.7

0.3

5.2

84.9

95.7
98.6

14.5
0.7

6
31.9

62.9
74.7

Based on Table 9, out of the four chemical water quality determinants, nitrate-nitrite
(NO2-3) was the only determinant for which > 90% of the data fell below its respective
threshold. In comparison to the rest of the determinants, nitrate-nitrite concentrations in
the WLEB tributaries were consistently lower, and the majority of the NO2-3 subindex
values were thus ranked above 39.
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4. RESULTS

Developed Subindex Equation
Initial subindex formulations were based on modifications of the formulations proposed by
USEPA (2009), which were based on the methodology developed by Dunnette (1979) with
improvements by Cude (2001). Subindex transformation curves in this study were
developed based on the statistical distribution of the key determinants in order to account
for variability in natural characteristics of streams. Statistical distributions of key
determinant data have previously been used for the development of WQIs, particularly in
the work of Hallock (2002), in which statistical distribution of the data were used for the
subindex curve equation development, with the 10th, 80th, 95th, and 99th percentiles for key
determinants corresponding to the subindex transformation curve values of 100, 80, 40,
and 20, respectively (Hallock, 2002; Sutadian et al., 2016).
In this study, the subindex curves were based on the statistical distribution of the
data for a given key determinant falling under its respective water quality target. From the
data falling under this target (herein referred to as filtered data), the 10th and 90th percentile
were calculated, and they each received a rating of 80 and 50, respectively. The ranking
for data point i of determinant p (Qi,p) was separated in a piecewise function. Rankings of
90-100 were reserved for pristine waters that require no treatment; since most water needs
some sort of treatment; this ranking represents an ideal condition. Concentration values of
a key determinant that were lower than the 10th percentile (P10) of the filtered data were
assigned a ranking between 80-89, decreasing linearly as the concentration increased.
Meanwhile, any values of the determinant in question that were higher than the 90th
percentile (P90), but still within the threshold value (P90 < Pi < Pmax< Pthreshold), were assigned
a ranking between 40-49, also decreasing linearly. Both the lowest and highest portion of
the data that is within the water quality target (e.g. 40-49 and 80-89) have such small
portions for data distribution because the exponential equation for the distribution of the
data between the 10th and the 90th percentile was configured as an exponential function
similar to the Florida WQIs developed by USEPA (2009), with rankings from 50-79. The
ranking for this portion of data decreased exponentially. For the lowest and highest portion
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of the passing data, the USEPA (2009) WQI set a single value for ranking. Rather than
giving the impression that anything above or below this 50-79 ranking would be considered
the same, it was desired that the WQI would demonstrate that though these ranges are
small, there are in fact some differences in the ranking, though the water quality status may
not be declining or increasing in such a drastic manner as an exponential equation.
All the data that were above the threshold, that is Pi > Pthreshold received a score of 39
or below, decreasing in a linear matter, indicating that the waters needed substantial
treatment. Table 10 shows the layout of the subindex classifications and ranges, as well as
what it means for public water supply, recreation, fish, shellfish, and wildlife. These
classifications were taken from the ecological associations from Ott (1978).

Verification of Subindex Formulations
The only substantially different curve parameters, once the data were separated into two
portions (1975–2005 and 2006–2015), were the subindex curve parameters describing the
data that would be ranked 40-49, f and g, for the TP subindex curve (Table 10). Such a
substantial difference for the TP subindex curve parameters of f and g (Table 10) was
because there was only a small difference between the Pmax and P90 values, yet the
corresponding index values covered the range between 40 and 49. Table 10 shows the
percent change in the difference between Pthreshold and the maximum, Pmax, and P90, Pmin,
and P10, as they play crucial roles in the linear portion of the subindex pairwise equation.
The statistical distributions of the datasets can be found in Table 25 of the Appendix.
Subindex curve parameters from the earlier dataset are shown in Table 24 in the Appendix.
It should be noted that for this portion of the analysis, Pmax was given a value of 40 rather
than the threshold value, as the subindex equation was still being developed during this
process.

Table 10 Ecological associations and subindex classifications (Ott, 1978)

Table 11 Equations for subindex curve determinants
Equations for Subindex Curve Determinants
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𝑒
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8
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Table 12 Percent change from 1975–2005 to1975–2015 for linear portion of the subindex
pairwise equation

Key Determinant

Δ% |Pthreshold – Max|

Δ% |Pmin – P10|

Δ% |Pmax – P90|

NO23

0

-20.8

10.0

SRP

0

0

4.1

TP

0

6.1

66.7

TSS

0

2.9

10.8

Table 12 shows that most of the data range percent difference for the linear portions
of the subindex pairwise equation range from 0 ~10% when shortening the datasets. The
only drastic change, 66.7%, was seen in the calculations for the lower subindex linear
portions ranging in index values of 40 to 49 for total phosphorus, in which the original data
have a 0.003 data range for the 1975–2015 to a 0.001 data range for 1975–2005. The 1975–
2015 data range, being three times larger, has its subindex curve determinants only a third
of those of the 1975–2015.

Subindex Values for Key Determinants
The subindex values for the key determinants were calculated for all four stations.
The monthly averages for the subindices for each site and each determinant are presented
in Figures 12–15. These include a linear trend line that indicates if the monthly averages
were increasing, decreasing, or staying relatively stable through time. A more detailed
analysis of the trends can be found in section 4.6.
Figure 11 shows the annual water quality index averages for total suspended solids,
total phosphorus, and soluble reactive phosphorus. In general, River Raisin had better water
quality subindex values for TSS, TP, and SRP than the other three sites. The TSS and TP
subindex values for Tiffin River rank higher than those of Blanchard River and Maumee
River. The SRP subindex values for the Tiffin River site were the lowest at that station,
suggesting that it was the nutrient most affecting water quality status in the basin, consistent
with existing literature. For both the Maumee River site and the Blanchard River Sites,
both the TP and SRP values had the lowest subindex values.
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Since the same aggregated datasets was used for the water temperature subindices
for the entire basin, only one set of subindices was calculated for water temperature.
Figure 5 shows the monthly average water temperature subindices. The sidebar from green
to red demonstrates the water quality status, with green being “very good” to “excellent,”
yellow being “good,” orange being “fair,” and red being “poor” water quality. The
fluctuation in the temperature data was due to the seasonal variation, where colder
temperatures received higher rankings because HABs were less likely to occur during cold
periods. Conversely, warmer temperatures in late spring and summer received lower
subindex rankings, as water bodies are more susceptible to algal blooms during warmer
periods (OEPA, 2009b; Richards et al., 2010; Stow et al., 2015).
Monthly average subindex values for total suspended solids (TSS) ranged between
33 and 80 (ranking from “fair” to “very good”), those for total phosphorus ranged between
31 and 73 (ranking “poor” to “good”), while those for soluble reactive phosphorus ranged
between 13 and 78 (ranking “poor” to “good”).

Figure 5 Subindex monthly averages for aggregated water temperature dataset for the
Western Lake Erie Basin
Seasonal Analysis of Water Quality Determinants
A water quality index model should be objective, in that it could capture eco-regional
complexities, including the characterization of seasonal changes in the surface water.

43
Anthropogenic nonpoint sources vary by season, such as disturbance of soil for planting
crops, application of fertilizer, etc. (Ouyang et al., 2006). As part of determining if the
subindex equations were suitable for calculating water quality index values, it was
necessary to assess whether the indices accurately represented seasonal fluctuations in
water quality. To evaluate their suitability for seasonal calculations, the subindices for NO23,

inteSRP, TSS, and TP were re-calculated for the Blanchard, Maumee, Raisin, and Tiffin

gauge sites. Two seasons were defined for the evaluations: high algal bloom season, which
typically occurs from June to September (OEPA, 2009b; 2012); and low algal bloom
season, which typically ranges from October to May, of the following water year (October
– September). Though the algal seasons in Lake Erie are related to loads that matter in the
tributaries that occur in March – June, the WQI was developed in manner to be able to
represent the water quality status when algal blooms are present. In Table 13 outlines the
grand average values of each season per station.
Table 13 Seasonal grand averages for selected USGS gauge sites
Grand Means
SRP

TP

TSS

Temp (°C)

H

L

H

L

H

L

H

L

H

65

72

47

44

54

44

63

58

97

74

63

63

29

32

37

33

63

65

97

73

61

69

39

40

39

38

56

51

97

74

66

68

32

30

48

36

63

47

97

73

Tiffin
River

River
Raisin

L

Blanchard
River

NO2-3

Maumee
River

Site

For all four sites, the grand average of the low and high algal seasons for the nitratenitrite was substantially higher than for the other contaminants. As stated in the previous
section, NO2-3 throughout the basin was generally well managed. Including NO2-3 in the
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overall water quality index had the potential of skewing the results. The highest difference
between the low and high algal bloom season was seen at the River Raisin station, as seen
in Table 13, where the nitrate-nitrite levels drop from 72 to 65. The ecological association
dropped only for aquatic life between the low algal bloom period (L) to the high algal
bloom period (H), shifting from “marginal for trout” to “doubtful for sensitive fish,” but
necessitating treatment for public water supply and acceptable bacteria levels for
recreational purpose. This contradicted the scientific literature and studies conducted
within the basin (USEPA, 2008). In the 2009 study conducted by the Ohio Environmental
Protection Agency (OEPA) for the Blanchard River, it was noted that the critical condition
for aquatic organisms is the summer, as a combination of excess nutrients, high stream
temperatures and reduced streamflow creates the potential for excessive algal growth and
dissolved oxygen depletion (OEPA, 2009b). In a 2012 study conducted by the OEPA, four
of five sites within the Maumee River watershed showed a nitrate 24-hour range greater
than 10 mg/L (OEPA, 2014a). The algal blooms that occur in Lake Erie are predominantly
P-limited, with a few that are also co-limited by nitrogen (Chaffin et al., 2013). Hence,
along with considering that the majority of the data from the HTLP dataset was within the
10 mg/L, nitrate-nitrite was not included in the overall water quality index calculation, as
including it in the overall water quality index would misrepresent the current and historical
situation with the threshold that is available.
Figures 7–10 show the results for the seasonal analysis for the chemical water
quality determinants, which include nitrate and nitrite to evaluate the performance of the
proposed water quality index model. For this analysis, the subindices were separated by
low (October–May) and high (June–September) algal blooms seasons. Figure 6 shows the
seasonal subindices for water temperature for the basin. There was a clear distinction
between the low algal growth season, which has higher subindex values, and the high algal
growth season. The blue line indicates the ranking under the low algal bloom period
(October–May) and the orange represents the ranking under a high algal bloom period
(June–September). The sidebar from green to red demonstrates the water quality status,
with green being “very good” to “excellent,” yellow being “good,” orange being “fair,”
and red being “poor” water quality.
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Figure 6 Overall WQI seasonal averages for water temperature for the Western Lake
Erie Basin
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Figures 7–9 show the overall WQI calculations for a seasonal basis. The sidebar in
the figures from green to red demonstrates the water quality status, with green being “very
good” to “excellent,” yellow being “good,” orange being “fair,” and red being “poor” water
quality. For both the River Raisin (USGS 04176500) and the Maumee River (USGS
04193500) sites, both the SRP and TP subindices for the high and low seasons ranged from
the 20s to 40s, indicating poor conditions due to these determinants year-round. However,
for the Blanchard River (USGS 04189000) and the Tiffin River (USGS 04197170) sites,
TP and SRP subindex values had a clear separation, with the low algal growth season
having better rankings than during the high algal growth season.
TSS subindices for the River Raisin, the Blanchard River, and the Maumee River
sites were all relatively high, with some overlap between the low and high algal blooms
after the water year 2000 and onward. The Tiffin River site showed a clear distinction
between the low and high algal growth periods. The subindex values all showed increasing
trends for all four sites, indicating improvements in water quality with respect to total
suspended solids concentrations.
Overall WQI seasonal average values are shown in Figure 10. Slight improvements
were observed at the sites for the River Raisin, the Tiffin River, and the Maumee River.
However, water quality at the Blanchard River site appears to be slowly declining,
indicating a potential for future problems, especially with respect to total phosphorus and
soluble reactive phosphorus based on individual parameter evaluations.

Figure 7 Total suspended solids seasonal subinex averages for the Western Lake Erie Basin. (a) River Raisin (USGS 04176500), (b)
Blanchard River (USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin River (USGS 04197170)
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Figure 8 Total phosphorus seasonal subindex averages for the Western Lake Erie Basin. (a) River Raisin (USGS 04176500), (b)
Blanchard River (USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin River (USGS 04197170)
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Figure 9 Soluble reactive phosphorus seasonal averages for the Western Lake Erie Basin. (a) River Raisin (USGS 04176500), (b)
Blanchard River (USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin River (USGS 04197170).
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Figure 10 Overall WQI seasonal averages for the Western Lake Erie Basin. (a) River Raisin (USGS 04176500), (b) Blanchard River
(USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin River (USGS 04197170).
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Long-term water quality of WLEB Tributaries
Subindices for Soluble Reactive Phosphorus (SRP), Total Phosphorus (TP), Total
Suspended Solids (TSS), and Temperature (C), and overall water quality index were
calculated for all four selected sites for the WLEB tributaries. Figure 11 shows the monthly
and annual averages of the overall daily WQIs, respectively.
Out of the four sites, the River Raisin (USGS 04176500) site had the overall highest
monthly and annual WQI averages (best water quality) through the 40 years. After 2006,
the annual average WQI at the River Raisin station increased and ranked on average 10
points higher than any other sites; the water quality status ranked 52–67, from “fair” to
“good.” The Maumee River site (USGS 04193500) remained consistent throughout the
time frame, ranging from 45-57. The Blanchard River site (USGS 04189000) only had data
from 2007-2015, but the overall annual mean WQIs ranged from 47–55. The annual WQI
average peaked in 2009, the year in which it was the second-highest ranking stream, then
dropped to the lowest ranking river for 2012–2015. The Tiffin River site (USGS 04197170)
data covered the same time range as that for the Blanchard River. The annual average WQI
decreased at the Tiffin River station from 2009–2015, indicating improving water quality.
Overall index values ranged from 47 to 58, indicating that water quality in the basin was
generally “fair,” just short of “good.”

Figure 11 Long-term WQIs for the four selected USGS gauge sites. The dark lines are the annual averages and the brown signifies the
monthly (a) River Raisin (USGS 04176500), (b) Blanchard River (USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin
River (USGS 04197170)
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WQI Functionalities
Figures 12–15 shows the trend line for the monthly mean WQI for each of the four sites,
with a 95% mean confidence interval shown in dark magenta and the 95% individual
prediction interval shown in lighter magenta. Both the Maumee River site (USGS
04193500) and River Raisin site (USGS 04176500) showed improvements for water
quality for the time range which data was available. The Blanchard River site (USGS
0418900), showed a declining trend, indicating that the water quality status of the river had
become worse over the eight-year period. Water quality in the Tiffin River stayed relatively
constant, based on the analysis.
Additional trend analysis can be done for each key determinant to better understand
how the individual subindex trends affect the overall WQI and how they compare among
different streams. Each of the monthly mean subindex charts also show the 95% mean and
individual prediction confidence intervals. Figure 20 shows the trend for monthly mean
subindex for Total Suspended Solids (TSS). Further trend analysis for the subindex
parameters can be found in the Appendix. All four sites demonstrate an increase in the
monthly mean subindex for TSS. The trend analysis for the monthly mean subindex for
Total Phosphorus (TP) is presented in Figure 21. The figure shows that for the River Raisin,
Maumee River, and Tiffin River sites, there is an increase in the trend of the monthly mean
TP subindices. The River Raisin site has the largest variability in TP subindices, with the
Maumee River site having the lowest. The Blanchard River site showed declining monthly
TP subindex values. Figure 22 displays the monthly mean subindex values for SRP. Out
of the four sites, only the Maumee River had a positive trend, with the rest of the sites
having a trend of declining monthly subindex averages for SRP. Table 14 summarizes the
results found from the trend analysis of the monthly mean subindex and WQI values.
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Table 14 Summary of the monthly mean subindex and SLR WQI trend analysis
Trend Direction
Site

TSS

TP

SRP

WQI

Blanchard River (USGS 0418900)

↑

↓

↓

↓

Maumee River (USGS 04193500)

↑

↑

↑

↑

River Raisin (USGS 04176500)

↑

↑

↓

↑

Tiffin River (USGS 04197170)

↑

↑

↓

̶

The SLR trend analysis, however, assumed that the data was normally distributed. Since
the data distribution for the subindices or WQI are not normally distributed, nonparametric
analysis was conducted to assess the similarity in trends between subindices, as well as
between the subindices and the overall WQI. The monthly mean values were utilized for
this analysis, as they provided sufficient points in comparison to the annual mean values.
The Spearman’s ρ and Kendall’s τ were calculated to determine similarity. To provide a
more accurate assessment of the trends, a nonparametric trend analysis using Kendall’s τ
was calculated. Table 15 shows the long-term trend using Kendall’s τ and demonstrates its
significance for each of the key determinants and the overall water quality index. Table 16
shows the statistical analyses done for each of the four sites. Though most of the subindices
and WQI comparisons were found to be statistically different, the following were not:
•

Blanchard River: TP by TSS, ρ = 0.1044, τ = 0.0552

•

Maumee River: Temp (⁰C) by TP, ρ = 0.7303, τ = 0.7862

•

Tiffin River: Temp (⁰C) by SRP, ρ = 0.4735, τ = 0.4092
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Table 15 Nonparametric trends in subindices and overall WQI

Determinant
TSS
TP
SRP
WQI

Gauge Site
Blanchard River

Maumee River

River Raisin

Tiffin River

Kendall
τ
0.1169
-0.1586
-0.2883
-0.1070

Kendall
τ
0.2138
0.2257
0.0492
0.1647

Kendall
τ
0.0968
0.3148
-0.0889
0.1202

Kendall
τ
0.1843
0.0402
-0.1396
0.0208

Prob>|τ|
0.0773
0.0165
<.0001
0.1059

Prob>|τ|
<.0001
<.0001
0.1166
<.0001

Prob>|τ|
0.0051
<.0001
0.0102
0.0005

Prob>|τ|
0.0061
0.5495
0.0376
0.7570

The nonparametric trend analysis matched the SLR trend analysis, in that it
demonstrated the same trend directions; the only exception is the overall WQI trend for
the Tiffin River gauge site, but the trend was found statistically insignificant. With the
nonparametric trend analysis, however, the significance of the trends could be quantified.
For TP and SRP, significant negative trend of the subindex values for the River Raisin
corresponds with the findings of Sekaluvu et al. 2017, which found phosphorus
concentration levels to be increasing. The Maumee River site showed a positive trend for
the TP subindex equation, which also corresponded with the findings of Sekaluvu et al.
2017. The Maumee River SRP subindex values trend showed improvement of water
quality status, which contradicted the findings of Sekaluvu et al. (2017) of increasing
concentrations of SRP. However, this trend was not statistically significant.
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Figure 12 Overall monthly mean WQI with trend analysis. (a) River Raisin (USGS 04176500), (b) Blanchard
River (USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin River (USGS 04197170)
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Table 16 Spearman’s ρ and Kendall’s τ for monthly mean subindices and WQI
River Raisin (USGS 04176500)
Spearman ρ
Subindices/WQI
by
Subindices/WQI
TP
TSS
SRP
TSS
SRP
TP
Temp (°C)
TSS
Temp (°C)
TP
Temp (°C)
SRP
WQI
TSS
WQI
TP
WQI
SRP
WQI
Temp (°C)

Subindices/WQI
TP
SRP
SRP
Temp (°C)
Temp (°C)
Temp (°C)
WQI
WQI
WQI
WQI

Subindices/WQI
TP
SRP
SRP
Temp (°C)
Temp (°C)
Temp (°C)
WQI
WQI
WQI
WQI

Subindices/WQI
TP
SRP
SRP
Temp (°C)
Temp (°C)
Temp (°C)
WQI
WQI
WQI
WQI

Spearman ρ
by
Subindices/WQI
TSS
TSS
TP
TSS
TP
SRP
TSS
TP
SRP
Temp (°C)
Spearman ρ
by
Subindices/WQI
TSS
TSS
TP
TSS
TP
SRP
TSS
TP
SRP
Temp (°C)
Spearman ρ
by
Subindices/WQI
TSS
TSS
TP
TSS
TP
SRP
TSS
TP
SRP
Temp (°C)

ρ

Prob>|ρ|

Subindices/WQI

0.6405
<.0001* TP
0.1213
0.0191* SRP
0.3494
<.0001* SRP
0.2680
<.0001* Temp (°C)
0.4771
<.0001* Temp (°C)
0.1248
0.0159* Temp (°C)
0.7028
<.0001* WQI
0.8730
<.0001* WQI
0.5586
<.0001* WQI
0.6049
<.0001* WQI
Blanchard River (USGS 0418900)
ρ

Prob>|ρ|

Subindices/WQI

0.1617
0.1044
TP
-0.3216
0.0010* SRP
0.7626
<.0001* SRP
0.2217
0.0251* Temp (°C)
0.4157
<.0001* Temp (°C)
0.3560
0.0002* Temp (°C)
0.3725
0.0001* WQI
0.8579
<.0001* WQI
0.6170
<.0001* WQI
0.7394
<.0001* WQI
Maumee River (USGS 04193500)
ρ

Prob>|ρ|

Subindices/WQI

0.6248
<.0001* TP
0.0980
0.0368* SRP
0.5804
<.0001* SRP
0.3594
<.0001* Temp (°C)
-0.0162
0.7303
Temp (°C)
-0.2915
<.0001* Temp (°C)
0.7878
<.0001* WQI
0.7570
<.0001* WQI
0.4615
<.0001* WQI
0.4563
<.0001* WQI
Tiffin River (USGS 04197170)
ρ
0.7433
0.3403
0.6158
0.6648
0.4867
0.0725
0.8586
0.9059
0.6330
0.6703

Prob>|ρ|
<.0001*
0.0005*
<.0001*
<.0001*
<.0001*
0.4735
<.0001*
<.0001*
<.0001*
<.0001*

Subindices/WQI
TP
SRP
SRP
Temp (°C)
Temp (°C)
Temp (°C)
WQI
WQI
WQI
WQI

Kendall τ
by
Subindices/WQI
TSS
TSS
TP
TSS
TP
SRP
TSS
TP
SRP
Temp (°C)
Kendall τ
by
Subindices/WQI
TSS
TSS
TP
TSS
TP
SRP
TSS
TP
SRP
Temp (°C)
Kendall τ
by
Subindices/WQI
TSS
TSS
TP
TSS
TP
SRP
TSS
TP
SRP
Temp (°C)
Kendall τ
by
Subindices/WQI
TSS
TSS
TP
TSS
TP
SRP
TSS
TP
SRP
Temp (°C)

Τ
0.4714
0.0800
0.2375
0.1819
0.3298
0.0827
0.5096
0.6880
0.3879
0.4284

Τ
0.1287
-0.2285
0.5985
0.1505
0.2805
0.2298
0.2619
0.6797
0.4467
0.5343

Τ
0.4523
0.0662
0.4017
0.2441
-0.0086
-0.1939
0.5951
0.5644
0.3188
0.3131

Τ
0.5647
0.2218
0.4438
0.4642
0.3390
0.0562
0.6804
0.7502
0.4404
0.4905

Prob>|τ|
<.0001*
0.0210*
<.0001*
<.0001*
<.0001*
0.0178*
<.0001*
<.0001*
<.0001*
<.0001*

Prob>|τ|
0.0552
0.0007*
<.0001*
0.0257*
<.0001*
0.0007*
<.0001*
<.0001*
<.0001*
<.0001*

Prob>|τ|
<.0001*
0.0352*
<.0001*
<.0001*
0.7862
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*

Prob>|τ|
<.0001*
0.0011*
<.0001*
<.0001*
<.0001*
0.4092
<.0001*
<.0001*
<.0001*
<.0001*
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Analyzing the Subindex Equations- Hypothetical Case
Two hypothetical datasets were considered in order to further assess the suitability of the
WQI subindex equations developed. This was especially in regard to the linear equations
developed in relation to data with different statistical distributions. The following is an
example of a hypothetical case in which two dummy datasets have different data ranges
for SRP. Both datasets consist of 20 measurements of soluble reactive phosphorus, and
Datasets 2 was developed by multiplying Datasets 1 by 4, thus having a range that is four
times as large.
Table 17 Hypothetical soluble reactive phosphorus datasets
Dataset #1
SRP (mg/L)
1.00x 10-10
0.0005
0.0010
0.0015
0.0020
0.0025
0.0030
0.0035
0.0040
0.0045
0.0050
0.0055
0.0060
0.0065
0.0070
0.0075
0.0080
0.0085
0.0090
0.0095
0.0100

Subindex Value
89
77.68
73.25
69.07
65.13
61.41
57.91
54.61
51.49
40.0004
40
36
32
28
24
20
16
12
8
4
0

Dataset #2
SRP (mg/L)
4.00x 10-10
0.0020
0.0040
0.0060
0.0080
0.0100
0.0120
0.0140
0.0160
0.0180
0.0200
0.0220
0.0240
0.0260
0.0280
0.0300
0.0320
0.0340
0.0360
0.0380
0.0400

Subindex Value
89
63.25
50.00
38.86
36.57
34.29
32
29.71
27.43
25.14
22.86
20.57
18.29
16.00
13.71
11.4
9.14
6.86
4.57
2.29
0

The first datasets performed better than second datasets; statistically, dataset #1 had
~52% of its data surpassing the SRP target of 0.005 mg/L, whereas only 14% of dataset #2
was passing its target value. The data failing the water target is in red. Something to note
is that although the overall data ranges were drastically different, the 10th and 90th
percentile stayed relatively about the same (~0.004) for each dataset. However, we see that
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skewing occurred from only using the statistical distribution of one dataset to rank the
water quality index. The value of 0.002 mg/L for SRP in dataset #1 receives a ranking of
65.13; but for dataset #2, that same value receives a 63.25. Moving to the failing data, the
subindex curve was harsher to the dataset #1; at 0.008 mg/L, for example, that value in
dataset #1 received a score of 16, compared to the 36.57 that resulted from the dataset #2
ranking of a 38.86.
This hypothetical situation demonstrated that the datasets with higher performing
data would be only slightly favored when the data was surpassing the determinant target,
but then severely punished for failing to surpass the target concentration. To ensure that
our assessment was plausible, it was necessary to calculate the subindex values for the
dataset in which there was a skew towards lower concentrations, similar to that which is
seen in Figure 17.
Table 18 Hypothetical soluble reactive phosphorus datasets #3 and #4
Dataset #3
Dataset #4
SRP (mg/L)
Subindex Value
SRP (mg/L)
Subindex Value
0.0020
69.17
0.0080
39.31
0.0020
69.17
0.0080
39.31
0.0023
66.07
0.0092
39.04
0.0026
63.10
0.0104
38.77
0.0030
59.35
0.0120
38.40
0.0037
53.32
0.0148
37.76
0.0038
52.51
0.0152
37.67
0.0040
50.93
0.0160
37.49
0.0044
40.0003
0.0176
37.12
0.0050
40
0.0200
36.57
0.0060
39
0.0240
35.66
0.0068
38.20
0.0272
34.93
0.0075
37.50
0.0300
34.29
0.0077
37.30
0.0308
34.10
0.0100
35
0.0400
32
0.0130
32
0.0520
29.26
0.0160
29
0.0640
26.51
0.0450
0
0.180
0
The distribution of dataset #3 can be seen in Figure 13. Dataset #4 has a similar distribution,
but four times that of dataset #3.
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Figure 13 Histogram of hypothetical soluble reactive phosphorus dataset #3 distribution
Again, the higher performing systems were being more severely ranked when it had
values that exceed the determinant concentration target, despite the change in distribution.
This could be seen as a method for which one could attempt to motivate for cleaner
systems. Systems with less than ideal water quality status have a reason to improve their
water system to ensure that the WQI is a 40 or higher.
Nevertheless, in order to ensure that once the concentrations were under the
determinant target concentration, it is important to be able to accurately gauge how to
normalize this data so that the system does not favor better performing systems in the
“passing” indices. One suggestion would be to set another threshold within the WQI model.
The USEPA set a value for the ranking of 70 of what was deemed a moderately clean
system (USEPA, 2009). Systems could be assessed in the same manner to ensure that one
water system was not deemed cleaner over the other based upon the statistical distribution
of data alone. Similarly, a threshold for ranking of 20 can be considered when looking at
the “failing” water quality data to certify that cleaner water systems were not as severely
ranked as less pristine ones.
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Substitution of Subindex Curves
The second example demonstrates an attempt to evaluate how using one of the river
gauge’s subindex curve parameters would alter the subindex and overall WQI values of the
other rivers. For this, on average, the River Raisin received higher subindices and overall
WQI than the other three rivers. Thus, it is important to assess how implementing the best
performing river’s subindex curve parameters would affect the other river’s water quality
status in comparison to using the subindex curve parameters based on the statistical
distribution of their respective river. Table 19 demonstrates the subindex curve parameters
for the River Raisin gauge station.
Table 19 River Raisin (USGS 04176500) subindex curve parameters
Subindex Curve Parameter
Determinant

a

b

c

d

f

g

h

j

SRP

50

-5.2 x 109

-450

80

1.00 x 1011

40

-67.23

40.33

TP

101.1929

-7.8334

-100

83

1.00 x 1011

-9.00 x 109

-23.12

42.31

TSS

84.90

-0.0121

-0.8318

84.1007

-0.6234

77.367

-0.0215

41.29

The statistical distribution for the data gathered from the River Raisin gauge can be
found in Table 20. The subindex values were floored to zero for the daily concentration
subindex values to ensure that there were no negative subindex values and that the
geometric mean could be calculated.
Table 20 River Raisin (USGS 04176500) dataset statistical distribution
Data Range Determinants
Key Determinant

Max

Pmin (Min)

Pmax

10th percentile

90th percentile

NO23

19.460

-0.0900

9.9800

0.5300

5.7100

SRP

0.6010

-0.0160

0.0050

-0.0030

0.0040

TP

1.8270

-0.0580

0.1000

0.0350

0.0910

TSS

1918.9

-5.8930

59.940

4.9300

43.900
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Figure 14 Daily subindices and overall WQIs of the Maumee and Raisin subindex curves on
the datasets for the Maumee River site. a) Total suspended solids (TSS); b) Total phosphorus
(TP); c) Soluble reactive phosphorus (SRP); d) Overall water quality index (WQI).
Figures 14 and 15 show the monthly average subindex values for both the Maumee
River subindex curve and the River Raisin subindex curve plotted against each other. The
straight line represents a 1:1 ratio between the subindex values.
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Figure 15 Monthly averages subindex and overall WQIs of the Maumee and Raisin subindex
curves on the datasets for the Maumee River site. a) Total suspended solids (TSS); b) Total
phosphorus (TP); c) Soluble reactive phosphorus (SRP); d) Overall water quality index (WQI).
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5. DISCUSSION

In this study, subindex formulations for key water quality parameters within the Western
Lake Erie Basin were developed and enhanced to incorporate water quality targets and
criteria. The enhanced subindex formulations were built into the Unweighted
Multiplicative Water Quality Index (UMWQI) and tested for suitability. The proposed
UMWQI model integrates the water quality concentration criterion and targets set forth by
the USEPA, Indiana, Michigan, and Ohio for these contaminants, in order to improve the
water quality status within the WLEB tributaries.
Based on the proposed WQI, the River Raisin and Maumee River sites showed
trends of increasing overall water quality, and the Blanchard River site showed a trend of
declining WQIs, whereas the Tiffin River showed no trends of improvement or decline.
For all four sites, there was a positive trend for monthly mean subindex values for Total
Suspended Solids, and all but the Blanchard site demonstrated a positive trend for the
monthly mean Total Phosphorus subindices. The Maumee River site was the only one that
showed a positive trend in the Soluble Reactive Phosphorus monthly mean subindices. This
was, however, contrary to findings in Sekaluvu et al. (2017) and was probably more
reflective of periods in which there were improvements than of current trends.
The seasonal analysis was critical—the Western Lake Erie Basin is a warm water
habitat, and rising temperatures due to climate change play a role in the prevalence of
HABs (Paerl & Huisman, 2008; 2009; Paerl et al., 2011). Lake Erie has a seasonal input
of nutrients that have great potential to impact its water quality. Seasonal analysis of the
WQI can show seasonal fluctuations of the inputs that may not be evident when looking at
daily, monthly, or even annual data. Although the TP loads have either been reduced or
stabilized, the loads and concentrations of SRP have increased in the tributaries of the
WLEB, while the seasonal cycles seem less pronounced (Richards et al., 2010; Stow et al.,
2015). Results from the seasonal mean subindices reflected the trends found in the
literature; the difference amongst the low and high algal bloom period SRP subindex values
were not as pronounced as other parameters, while TP seasonal subindex values remained
relatively stable, but did not show improvement.
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Though the overall WQI gives a “snapshot” of the water quality status, the WQI
model is useful in that the “snapshot” can be broken down to show what contaminants or
determinants are being managed well and which management strategies can be improved
upon. Currently, WQIs are being under-implemented in decision- and policy-making when
it comes to water management (Gitau et al., 2016). The implementation of WQIs has the
potential to not only provide a summary of the water quality status of the body of water of
interest through time, but also to be able to compare different bodies of water through
different temporal periods (Abbasi & Abbasi, 2012) and be able to predict harmful
situations to ensure pro-active water quality management (Gitau et al., 2016). Other
indices, such as the Index of Biological Integrity and the Modified Index of Well-being,
have been implemented in assessing the suitability of water quality in the United States
(OEPA, 2007; 2013; 2014a; USEPA, 2016).
Perhaps amongst the most challenging part of developing the WQI was accurately
representing the water quality status in terms of regulatory thresholds or targets. Although
these targets are set, they may not necessarily indicate the ecological threshold of a
contaminant. Some are regulatory thresholds put into place, while some might be arbitrary
criteria. Because the ecological thresholds of contaminants generally differ by location,
regulations may not be the most accurate method in assessing water quality status.
One of the important considerations pertaining to the water quality index is the use of
concentration levels of key determinants rather than their loads. Water quality data can be
presented in two forms:
•

Concentration: mass of contaminant per unit volume (e.g. mg/L)

•

Load: mass or volume of the contaminant over a period of time (e.g. tons/year)
(El-Sadek et al., 2005; Cahn & Hartz, 2010)

Measurements of concentration are taken in order to assess toxicity or nuisance
concentrations, as well as compliance with water quality standards. Surface water quality
guidelines are developed, based on concentrations, in order to protect aquatic life and
agricultural uses, as well as recreation and aesthetics (El-Sadek et al., 2005; Koltun, 2012).
Concentration is a useful measure based on which to assess water quality, as it plays a
critical role in biological productivity (Cahn & Hartz, 2010). Loads are typically related to
comprehending the accumulation of mass or volume, assessing the speed in which areas
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can be filled with sediment, or gauging the effect of BMPs on reducing the amount of
pollutants delivered into or out of a system (Koltun, 2012). Though both measures are
important when assessing the effects of contaminants in a water system, and they are
related, the choice of data depends on the framework of the study.
Obtaining loads over a defined time range would give a more accurate
representation of individual contribution to regional water impairments (Cahn & Hartz,
2010). For some basins, such as the WLEB, water quality concerns of their tributaries are
primarily related to loads. With respect to the WQI, focusing on the loads presents a
challenge due to the need to reference basin-specific water quality targets, which are
outlined based on concentration. One solution might be to compute water quality indices
based on flow-adjusted concentrations that take into account flows within streams and
adjust for the weather-dependent flow and nutrient loads that are not necessarily reflected
based on concentration alone (Stow & Borsuk, 2003; Bekele & Mcfarland, 2004).
Stammler et al. (2017) used flow-adjusted TP concentrations to assess the longterm decline of stream TP concentrations within the Ontario watershed. Concentrationdischarge relationships modeled using R and LOWESS (f=0.05) were used to calculate the
residuals, which were then used as flow-adjusted concentrations (Stammler et al., 2017).
This is a common method to calculate flow-adjusted concentrations (Bekele & Mcfarland,
2004). Stow & Borsuk (2003) used flow-adjusted averages to assess how effective point
and nonpoint source pollution management were to meet approved total daily maximum
loads in the Neuse River. These authors used a simpler approach as compared to that of
Stammler et al. (2017), in which they estimated the nutrient concentration using a linear
relationship between the year as a category variable and the natural log of the flow and
then took the flow-adjusted concentration to be at the median daily flow of each site (Stow
& Borsuk, 2003).
For Lake Erie (USEPA 2017), spring seasonal targets were developed both in terms
of loads and flow-weighted mean concentrations (FWMC). The FWMC are a form of flowadjusted concentrations, as they are a way to adjust the flow while considering that the
majority of runoff is delivered during storm events. Additionally, it was argued that the use
of FWMC would account for dry years and give a target measure to assess whether
phosphorus reduction efforts are being effective. This process is still under development,
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as the targets are based upon 2008 baseline data, but not all the major tributaries in the
WLEB have sufficient data to develop target values.
Flow-adjusted concentrations would address the question of differing flow and
loads; the only drawback from using flow-adjusted concentration is that there is no
standardized method for calculating them. It is also not clear what the targets for flowadjusted concentrations would be. Nevertheless, having a flow-adjusted WQI and
thresholds would be something to consider as the development of this model continues.
In this study, subindex computations have been on statistical distributions. Other
studies that have employed distributions include Hallock (2002), in which water quality
subindices were ranked based on the statistical distribution of the respective determinant,
including the 10th, 80th, 95th, and 99th percentiles for which subindex values of 100, 80, 40,
and 20 were assigned, respectively. A problem presents with the use of statistical
distributions in subindex construction: Because the overall index was based upon the
distribution of the data, it is possible that the subindex values might be assigned incorrectly
based on the range of the data. This has been discussed in detail in Section 4.7.
The hypothetical case presented showed some of the limitations of the model. For
example, with the current model the WQI may change as new data are added, depending
on their impact on the statistical distribution. To prevent this from occurring and from
favoring poor performing streams in the “failing” portion of the subindex, a “maximum”
threshold could be created such that anything surpassing this would receive a value of 0.
In the case of TP and SRP, for example, the “maximum” threshold for the data could be
concentrations associated with hypereutrophic states for streams. The only concern with
this is that most of the science and literature around hypereutrophic water bodies is for
lakes; thus, the concentrations that could be found in literature would be for lakes and not
for streams. The distribution of data for most of the key determinants considered in this
study showed the possibility of bounding a “failing” standard using an exponential decay.
This would standardize the bottom portion of the subindex equation and not favor lowerperforming systems due to the distribution of the data being more concentrated in the
“failing region.” This would keep the subindices from reaching zero and shift the focus to
how quickly the decay would occur and how this could be assessed based on site-specific
data.
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Another way to normalize the subindex equations would be to create a “minimum”
value representing pristine condition as an upper bound for the data. This could be done by
using a concentration value that is considered representative of pristine conditions with
respect to the contaminant in question. Though the ranking did not differ as greatly for the
“passing” data, it is possible to set an optimal value which gets ranked at 100. As it is, the
WQI does not rank anything any higher than 89 based on the assumption that there are very
few water sources that would qualify as pristine.
The substitution of subindex curves example (Section 4.8) was used to assess whether
or not using the data of the best ranking system would provide more representative
subindex equations. A look at the daily subindex and water quality values from both the
Maumee River subindex curve parameters and those from the River Raisin provided
interesting insights into the data distributions; for SRP and TP, for example, there was a
significant portion of the data that did not receive a specific ranking, due to the fact that
data available within those ranges were insufficient. The most interesting data distribution
can be seen in the SRP graph (Figure 15c), in which there was a portion of the SRP values
that would receive a fairly high ranking under the River Raisin subindex curve but were
not as highly ranking using the Maumee subindex curve parameters. The most obvious
difference between the two sets of subindex curves was the lower ranking for total
phosphorus (TP), particularly for the higher-ranking values (i.e. passing the water quality
target values). The limitation of using the best ranking stream in the basin would be that it
may not necessarily have sufficient data to address the necessary spread of the entire basin,
as some portions of the subindex equations are based upon statistical distribution.
In this study, nitrate-nitrite, or more commonly nitrate-N, were removed due to the
indication that the overall status of the water quality in terms of nitrate-nitrite was at least
fair, as over 93% of the data was within the drinking water standard of 10 mg/L. However,
this may not be indicative of the situation of the Western Lake Erie Basin. According to
the August 2017 Draft U.S. Action Plan for Lake Erie (USEPA 2017), though phosphorus
is the limiting nutrient, making it the focus when developing steps in water quality
management, other nutrients that are present (including nitrogen) can contribute to algal
blooms in Lake Erie tributaries (USEPA 2017). Thus, being able to include nitrate-nitrites
would give a better understanding of the water quality status in the basin. In this study,
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using the standard of 10 mg/L or NO2-3 gave the impression that the WLEB tributaries were
performing well in terms of this contaminant, thus, this threshold might be too high,
considering environmental thresholds and how nitrogen could affect the prevalence and
toxicity of harmful algal blooms (Gobler et al. 2016, Anderson et al. 2002). This was a
surprise, since the 10mg/L threshold was based upon the drinking water standard through
the Clean Water Act (USEPA 2008) and generally speaking, it may be assumed that
drinking standards are the most stringent thresholds. Further research should be conducted
in determining and incorporating environmental thresholds so that nitrogen could be
included in the index.
Because the Western Lake Erie Basin tributaries are showing that soluble reactive
phosphorus concentrations are increasing (Sekaluvu et al. 2017), it is necessary to assess
what targets are being created in water quality management within the area. The goal within
the WLEB is to be able to reduce the amount of cyanobacteria biomass to “mild” levels
90% of the time (USEPA 2017), where the Maumee River would produce blooms no worse
than that of 2004 or 2012 levels (2.9 out of the 10-scale in the severity index). The SRP
target for the River Raisin, though it correlates with the recommended value stated in
Sekaluvu et al. (2017) at 0.05 mg/L, is considered too high according to the IDEM water
quality targets in the Indiana Nonpoint Source Management Plan. A more stringent target
of 0.005 mg/L would be more suitable for lake systems (IDEM 2014). It is important to be
able to assess how standards and thresholds are set when developing water quality
management practices, even if they are set based on historical data, and if these would in
fact consider legacy nutrients. Based on the action plan (USEPA 2017), however, is that
both loads and concentrations can play a role when assessing the water quality status.
Harmful algal blooms are also dependent on temperature, and thus it is important to
address the limitations of the theoretical dataset that was developed for the purpose of the
study. This theoretical dataset did not necessarily capture the extremes that could occur,
which may provide a catalyst for a HAB to occur given the nature of the equation
developed. Since the theoretical water temperature dataset was based upon median values
of the daily averages for the USGS gauge sites and the NOAA weather stations provided
in Tables 21 and 23, respectively, it may underestimate temperatures during warmer
periods. Furthermore, the equation does not account for temperature effects of industrial
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discharges and reduced tree canopy, both of which present water temperature-related
concerns. Thus, it would be ideal if more water temperature data were collected. Where it
is not feasible to measure water temperature, dissolved oxygen could be measured instead,
given that it is amongst the most common key determinants in other WQIs (Gitau et al.
2016, Sutadian et al. 2016, Lumb et al. 2011a). Dissolved oxygen is tied with the ability
of fish, shellfish, and other aquatic wildlife to be able to thrive (USGS 2017), and could be
considered reflective of water temperatures.
Further testing of the tool will continue to be able to assess the accuracy of the WQI
when there is less data available. Because the HTLP data was collected on a daily basis, it
provides a more complete picture of the water quality in the WLEB tributaries. When data
becomes sparser, it would be important to test how the subindex and overall WQI would
change. The Heidelberg Tributary Load Program has an abundant amount of data readily
available for public access and has been a crucial source for the development of the WQI.
Programs such as the HTLP should continue to develop and strive to create the most
comprehensive datasets for water quality management, as well as document why certain
contaminants are collected to help users understand why some determinants were measured
while others were not.
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6. CONCLUSION

This study was aimed at developing a water quality index, using the Western Lake Erie
Basin as a pilot site. The WLEB provided a suitable pilot site because of its profuse amount
of data and strong literature base. The UMWQI was applied in order for the WQI to be
flexible and applicable to more than just the WLEB. The subindex equations were
developed by incorporating water quality targets based on criteria and targets for Indiana,
Ohio, and Michigan, as well as using the method of Hallock (2002), in which statistical
distributions and percentiles were assigned specific subindex values. The overall WQI
values were calculated by taking the geometric mean from the subindex values for the total
suspended solids (TSS), total phosphorus (TP), soluble reactive phosphorus (SRP), and
water temperature (°C).
Through the monthly, annual, and seasonal analysis, results showed that the River
Raisin site had the highest water quality ranking, followed by the Maumee River, with the
Tiffin River and the Blanchard River having the lowest water quality ranking. Results
showed declining water quality at the Blanchard River station, consistent with existing
literature. Though the Maumee River has been known to play a critical role in the nutrient
input into Lake Erie (Green et al., 1978; Mc Callister & Logan, 1978; Bertram, 1993;
OEPA, 2012), the Maumee River station water quality status was ranked higher than that
of the Tiffin River station. Considering the Tiffin River is a tributary of the Maumee River,
there is a need to look at management within the watershed.
Water quality indices provide a way to report and assess large amounts of water
quality data in an efficient manner. They have been tested and verified for their usefulness
and effectiveness. In particular, the Unweighted Multiplicative WQI Model (UMWQI)
provides flexibility, so that it can be applied to different sites with water quality data.
Though the WQIs provide a “snapshot” of the water quality status by summarizing large
amounts of water quality data, by no means do they replace water quality and
environmental data. Based on this study, it can be concluded that the methodology that was
developed in the study would be applicable to other sites with similar water quality
challenges, such as having high-intensity agricultural land use where phosphorus is the
nutrient of greatest concern.
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APPENDIX

Table 21 Water temperature data range and data point size of selected USGS gauge sites within the WLEB
Site

Location

Latitude

Longitude

Station No.

Time Range

River Raisin

Monroe, MI

2011 – 2015

near Fort Wayne, IN
near Fort Wayne, IN
Fort Wayne, IN
Fort Jennings, OH
above Findlay, OH
near Defiance, OH
near Waterville, OH
Waterville, OH

83.53
85.13
85.11
85.15
84.26
83.65
84.40
83.71
83.71

USGS 04176500

St. Joseph’s River
St. Mary’s River
St. Mary’s River
Auglaize River
Eagle Creek
Auglaize River

41.96
41.11
40.99
41.08
40.95
40.98
41.24
41.5
41.5

Number of
Data points
2225

USGS 04180610
USGS 04182000
USGS 04182769
USGS 04186500
USGS 04188496
USGS 04191500
USGS 04193490
USGS 04193500

2015
1967
2015
1969 – 1978
2014 – 2017
1966 - 1976

15
2
12
3021
937
3418

1951 – 2017

15801

Maumee River
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Table 22 Water temperature data point count for selected USGS station broken down by year
Year
1951
1952
1953
1954
1955
1956
1957
1958
1959
1960
1961
1962
1963
1964
1965
1966
1967
1968
1969
1970
1971
1972
1973
1974

Compiled
Datasets 04176500
92
366
365
365
365
366
365
365
365
363
365
365
365
300
323
330
360
359
347
365
365
366
363
364

04180610

Water temperature data point count
04182000 04182769 04186500 04188496

2
100
363
358
361
351
197

04191500

299
262
302
273
358
333
351
329
317

04193500
92
366
365
365
365
366
365
365
365
363
365
365
365
300
323
254
343
348
277
232
231
235
322
332

80

1975
1976
1977
1978
1979
1980
1981
1982
1983
1984
1985
1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001

365
366
365
361
364
366
327
332
358
323
323
363
363
357
365
365
273

341
324
359
267

334
260

357
354
345
355
364
366
327
332
358
323
323
363
363
357
365
365
273

81

2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
Grand Total

310
366
365
361
365
366
172

272
362
355
357
363
366
149

16555

2224

15

15

142
340
301
154

12

2

12

310
359
354
339
351
366
163

3021

937

3418

15801
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Table 23 Weather stations within the Western Lake Erie Basin
Name

State

ID

Lat

Long

Start

End

Coverage

Adrian

OH

GHCND:USC00200032

41.9163

-84.0158

07/03/1887

7/15/2017

97%

Berne WWTP

IN

GHCND:USC00120676

40.6683

-84.93

1/1/1910

7/8/2017

99%

Bowling Green 1.7WNW

OH

GHCND:US1OHWD0019

41.3873

-83.6785

8/28/2015

7/6/2017

99%

Bucyrus

OH

GHCND:USC00331072

40.8126

-82.9698

05/01/1893

7/14/2017

98%

Decatur 1N

IN

GHCND:USC00122096

40.8483

-84.9299

9/1/1931

7/15/2017

99%

Defiance

OH

GHCND:USC00332098

41.2783

-84.3847

03/10/1893

7/14/2017

88%

Findlay Airport

OH

GHCND:USW00014825

41.01361

-83.66861

1/1/1942

7/13/2017

100%

Findlay WPCC

OH

GHCND:USC00332791

41.0461

-83.6622

06/01/1893

7/11/2017

100%

Fort Wayne International Airport

IN

GHCND:USW00014827

40.9705

-85.2063

8/1/1939

7/15/2017

100%

Lima WWTP

OH

GHCND:USC00334551

40.7247

-84.1294

4/1/1901

7/14/2017

99%

Monroe

MI

GHCND:USC00205558

41.9139

-83.3942

Monroe WWTP

MI

GHCND:USC00205563

41.9069

-83.4158

3/1/2003

7/11/2017

76%

Montpelier

OH

GHCND:USC00335438

41.5886

-84.585

Napoleon

OH

GHCND:USC00335669

41.3939

-84.1144

Norwalk WWTP

OH

GHCND:USC00336118

41.26667

-82.61667

03/01/1894

7/14/2017

99%

Pandora

OH

GHCND:USC00336405

40.9462

-83.9614

12/1/1949

7/10/2017

99%

Sandusky

OH

GHCND:USW00014846

41.45

-82.7167

1/1/1936

5/31/2017

97%

Toledo Blade

OH

GHCND:USC00338366

41.65

-83.5333

Van Wert 1 S

OH

GHCND:USC00338609

40.8494

-84.5805

01/01/1893

7/15/2017

81%

Wauseon Water Plant

OH

GHCND:USC00338822

41.5183

-84.1452

02/01/1893

7/15/2017

99%
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Table 24 Subindex transformation curves for the Maumee River Station (USGS 04193500)
1975-2015
Key Determinant
NO23
SRP
TP
TSS
1975-2005
Key Determinant
NO23
SRP
TP
2006-2015
Key Determinant
NO23
SRP
TP
TSS

Subindex Transformation Curve Determinant
a
b
c
d
80.3034
-0.0631
-37.500
82.2500
65.4049
-67.1434
-562.5
77.7500
191.123
-13.8236
-272.72
97.1818
88.6351
-0.0109
-0.6330
85.9615

f
-4.0239
-1000.00
-3333.3
-1.3561

g
80.2198
90.0000
373.333
121.333

H
-2.3923
-76.9803
-14.902
-0.0177

j
63.9109
40.3849
41.4902
41.0591

Subindex Transformation Curve Determinant
a
b
c
d
80.5426
-0.06145
-31.0345
83.4138
65.4049
-67.1434
-750
77.7500
173.6249
-12.7028
-290.323
97.7097

f
-4.47213
-1000.00
-9696.75

g
84.6995
90.0000
1000.28

H
-2.3923
96.6184
-14.897

j
63.9109
40.4831
41.4753

Subindex Transformation Curve Determinant
a
b
c
d
80.1690
-0.07040
-300.00
89.0000
80.0000
-117.500
-1800.0
80.0000
270.513
-17.4051
-290.36
100.3239
90.2322
-0.0118
-0.7206
87.3426

f
-3.0675
-14212.0
-3333.3
-1.0074

g
70.5828
106.849
373.333
100.3524

H
-4.6296
-76.9364
-22.9277
-0.0416

j
86.1574
40.3619
42.2928
42.4938
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Table 25 Statistical data for the Maumee River Station (USGS 04193500)
1975-2015
Key Determinant
NO23
SRP
TP
TSS
1975-2005
Key Determinant
NO23
SRP
TP
TSS
2006-2015
Key Determinant
NO23
SRP
TP
TSS

Data Range Determinants
Max
Pmin (Min)
26.7158
-0.1800
0.4190
-0.0150
2.7841
0.03000
2325.1
-4.8000

Pmax
9.9951
0.0500
0.1000
59.974

10th percentile
0.0600
0
0.0630
9.4175

90th percentile
7.5100
0.0427
0.0970
52.600

Data Range Determinants
Max
Pmin (Min)
26.7158
-0.1800
0.4190
-0.0150
2.7841
0.03000
2325.1
-4.8000

Pmax
9.9951
0.0500
0.0990
59.974

10th percentile
0.1100
0
0.0610
9

90th percentile
7.7591
0.0430
0.0980
53.399

Data Range Determinants
Max
Pmin (Min)
18.6100
0
0.5246
0
1.8446
0.0390
1020.8
-2.3000

Pmax
9.9700
0.0047
0.1000
59.9070

10th percentile
0.0300
0
0.07000
10.1898

90th percentile
6.7100
0.0040
0.0970
49.9808
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Blanchard River

Maumee River

Tiffin River

Concentration (mg/L)

River Raisin

Figure 16 NO2-3 distribution for selected gauge sites. River Raisin (USGS 04176500); Blanchard River (USGS 0418900);
Maumee River (USGS 04193500); Tiffin River (USGS 04197170)
Table 26 NO2-3 summary statistics for selected guage sites

Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean

River Raisin
USGS 04176500
2.836881
2.2680628
0.0241502
2.884221
2.7895409

Blanchard River
USGS 0418900
5.6996509
2.5272977
0.0464291
5.7906875
5.6086142

Maumee River
USGS 04193500
4.1257236
3.1400718
0.0276586
4.1799385
4.0715086

Tiffin River
USGS 04197170
3.1697264
2.323391
0.0686625
3.3044449
3.0350078
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Figure 17 SRP distribution for selected gauge sites. for selected gauge sites. River Raisin (USGS 04176500); Blanchard River
(USGS 0418900); Maumee River (USGS 04193500); Tiffin River (USGS 04197170)
Table 27 SRP summary statistics for selected gauge sites

Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean

River Raisin
USGS 04176500
0.024871
0.0266932
0.0002852
0.0254301
0.0243119

Blanchard River
USGS 0418900
0.1549127
0.1029457
0.0018938
0.158626
0.1511994

Maumee River
USGS 04193500
0.0567159
0.0483548
0.0004264
0.0575517
0.05588

Tiffin River
USGS 04197170
0.054333
0.0371878
0.0010995
0.0564902
0.0521758
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Figure 18 TP distribution for selected gauge sites. River Raisin (USGS 04176500); Blanchard River (USGS 0418900); Maumee
River (USGS 04193500); Tiffin River (USGS 04197170)
Table 28 TP summary statistics for selected gauge sites

Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean

USGS 04176500
River Raisin
0.1270893
0.1148866
0.001225
0.1294906
0.1246879

USGS 0418900
Blanchard River
0.2806931
0.1550741
0.0028508
0.2862828
0.2751033

USGS 04193500
Maumee River
0.2387702
0.1571429
0.0013838
0.2414826
0.2360578

USGS 04197170
Tiffin River
0.1795281
0.1444493
0.0042763
0.1879185
0.1711377
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Figure 19 TSS distribution for selected gauge sites. River Raisin (USGS 04176500); Blanchard River (USGS 0418900); Maumee
River (USGS 04193500); Tiffin River (USGS 04197170)
Table 29 TSS summary statistics for selected gauge sites

Mean
Std Dev
Std Err Mean
Upper 95% Mean
Lower 95% Mean

River Raisin
USGS 04176500
47.074999
88.850625
0.9487695
48.93481
45.215188

Blanchard River
USGS 0418900
35.846836
66.630517
1.2259364
38.250612
33.443059

Maumee River
USGS 04193500
77.489461
108.33721
0.954967
79.361338
75.617584

Tiffin River
USGS 04197170
54.794531
71.003977
2.1057288
58.926086
50.662977

89

Figure 20 Monthly mean TSS with trend analysis. (a) River Raisin (USGS 04176500), (b) Blanchard River
(USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin River (USGS 04197170)
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Figure 21 Monthly mean TP with trend analysis. (a) River Raisin (USGS 04176500), (b) Blanchard River
(USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin River (USGS 04197170)
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Figure 22 Monthly mean SRP with trend analysis. (a) River Raisin (USGS 04176500), (b) Blanchard
River (USGS 04189000); (c) Maumee River (USGS 04193500); (d) Tiffin River (USGS 04197170)
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Data Processing for USGS National Water Information System
The USGS National Water Information System was used to access water temperature
data for the Western Lake Erie Basin. The water temperature data was much sparser than
the water quality data from Heidelberg University, and several methods in preprocessing, with a collective data mining, and transformation were necessary.
The first step was to attempt to assess USGS gauge sites in the basin which
measured the water temperature. The four selected sites from the Heidelberg University
datasets had water temperature data available, however, only USGS 04193500 and
04193490 (both which were near or at Waterville, OH) had sufficient data. As can be
seen in Table 8, USGS 04193500 and 04193490 gauge stations were in the same site,
with the same latitude and longitude, and thus the two datasets were combined as one and
labelled as USGS 04193500 15,801 data points.
The latitude and longitude of the location of the sites were in degree/ minute/
second (DMS) format, but in order to be able to map the sites, they must be converted
from DMS to decimal format. The Haversine formula was used for the conversion:
𝐷𝑒𝑔°𝑀𝑖𝑛′𝑆𝑒𝑐" = 𝐷𝑒𝑔 +

𝑀𝑖𝑛
𝑆𝑒𝑐
+
60
3600

(8)

Where deg is the number degrees, min is the minutes (out of 60), and sec were the
seconds (out of 3,600).
Because the four selected sites did not have sufficient amounts of data to be able
to calculate the overall WQIs over an extended period of time, generating a simulated
water temperature dataset that could be used in the four selected sites, through the
aggregation of additional stations within the Western Lake Erie Basin. Table 21 lists the
additional USGS gauge stations, which were included in the analysis of this aggregation,
using the Waterville, OH merged stations’ data as a basis. USGS 04193500 was used as a
basis as it had the most complete datasets. The assumption was that temperature within
the basin would not fluctuate significantly and the water temperature of the sites would
be about the same.
Figure 23 shows the statistical distribution of the additional USGS gauge stations.
As can be seen, the water temperature data is not normally distributed. Table 7 provides a
summary of the statistics of the water temperature.
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Nonparametric Spearman’s  was calculated for each of the datasets. Based on
Table 30, the water temperature datasets that had ample data points and significant
strength and direction association, that is   1 and probability  0.0001, with the USGS
04193500 datasets combined. The datasets sites which had a significant nonparametric
Spearman’s  were USGS 04186500, USGS 04176500, USGS 4188496, and USGS
4191500. USGS 04180610 and USGS 04182769 were found also with a significant
Spearman , but since they had 15 and 12 data points, respectively, there was potential
for this analysis to be biased and were not included in the analysis. For dates in which
data points from multiple sites were available, the median value was taken for the values
that were present for those daily values.
Table 30 Nonparametric Spearman’s ρ analysis for WLEB observed water temperature
Station #
04186500
04188496
04188496
04191500
04191500
04191500
04193500
04193500
04193500
04193500

by Station #
04176500
04176500
04186500
04176500
04186500
04188496
04176500
04186500
04188496
04191500

Spearman ρ
.
0.9880
.
.
0.9788
.
0.9955
0.9792
0.9885
0.9814

p-value
.
<.0001*
.
.
<.0001*
.
<.0001*
<.0001*
<.0001*
<.0001*

Even though the resulting datasets was aggregated from 5 datasets, there was still a
20-year gap of data. Table 21 demonstrates the total annual data points count for each of
the water temperature datasets, in which all of them lack data from 1991 to 2010.
Without this data, the water quality index does not capture the water quality status for the
entire time frame.

Figure 23 Statistical distribution of water temperature at select USGS Gauge Sites (04176500, 04186500, 04188496, 04191500,
04193500). These five sites were distributed through the Western Lake Erie Basin. The data range for the temperature distribution is
between 1950-2015
Table 31 Summary statistics of water temperature at select USGS gauge sites

Mean
Std Deviation
Std Error Mean
Upper 95% Mean
Lower 95% Mean
N

USGS Gauge Site
04176500
12.6
9.2
0.2
13.0
12.2
2224

04186500
12.6
9.3
0.2
12.9
12.3
3021

04188496
13.1
8.1
0.3
13.7
12.6
937

04191500
13.0
9.0
0.2
13.3
12.7
3418

04193500
13.1
9.5
0.1
13.3
13.0
15801
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Data Processing for NOAA Climate Data Online
Twenty weather stations from the NOAA Climate Data Online were selected throughout
the Western Lake Erie Basin. Table 20 demonstrates the sites selected, their location, and
the date range of the data available. Since the water temperature data spanned from 1950
to the present, the datasets from each of the 20 weather stations were shortened to capture
that time frame as well. The 20 weather stations were obtained from the NOAA Climate
Data Online. The observed data was obtained in Fahrenheit (F) and then converted into
Celsius (C). The linear conversion from Fahrenheit to Celsius used is shown in Equation
9.
𝑇𝐶 =

5
𝑇 − 32
9 𝐹

(9)

After converting the temperature to the correct units, the observed data was joined to a
complete date dataset (1900- 2015) using an outer join in JMP.
A statistical comparison using the Nonparametric Spearman’s  was computed for
each of the sites and the aggregated water temperature datasets. As can be seen in Table
32, all 20 stations had a significant association with the water temperature datasets.
With this in consideration, the median of the 20 stations for each day was
calculated in order to be able to create an aggregated air temperature data, where the total
number of observations, N = 16,555. The aggregated observed air temperature, along
with the aggregated observed water temperature, can be used to establish a relationship
between air and water temperature.
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Table 32 Nonparametric Spearman’s ρ analysis for WLEB aggregated water temperature and
observed air temperature
Aggregated Datasets
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp
Water Temp

By Air Temperature Datasets
ADRIAN
BERNE WWTP
BOWLING
BUCYRUS
DECATUR
DEFIANCE
FINDLAY
FINDLAY AIRPT
FINDLAY WPCC
FT WAYNE AIR
LIMA
MONROE
MONROE WWTP
MONTPELIER
NAPOLEON
NORWALK
PANDORA
SANDUSKY
TOLEDO BLADE
VAN WERT
WAUESON

Spearman ρ
0.8928
0.8911
0.8892
0.8663
0.8971
0.8981
0.8904
0.9292
0.8904
0.9314
0.8899
0.9067
0.9195
0.8432
0.8709
0.8827
0.8856
0.9230
0.9134
0.8821
0.8917

p-value
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*
<.0001*

Despite the aggregated water temperature datasets, there was not enough data available.
Water temperature data is less accessible or more difficult to obtain than air temperature. This
was the case for the WLEB, where consistent water temperature data were only available for one
USGS site (04193500) from 1951-1991 and from 2011-2015. It is usually not studied
systematically, and it is in fact common to use air temperature as a substitute for water
temperature (Stefan & Preud'homme, 1993). Another issue is that water temperature is not
always measured. Ongoing research is conducted in order to be able to predict water temperature
from atmospheric temperature (Cluis, 1972; Stefan & Preud'homme, 1993; Webb & Nobilis,
1997; Bogan et al., 2003).
Preceding calculations for the temperature subindex, it was necessary to acknowledge
that water temperature data is scarcer. Therefore, calculating a relationship between air and water
temperature for the Western Lake Erie Basin is essential for the WQI model to be accessible for
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those who only have air temperature data available and desire to use the proposed model to
assess the water quality status.
A regression analysis was applied to the aggregated air temperature data and the water
temperature data to quantify a linear relationship between air and water temperature, that is
𝑇𝑤 (𝑡) = 𝐴 + 𝐵 ∙ 𝑇𝑎 (𝑡)

(10)

where Tw and Ta were water and air temperature, respectively, at day t, and A and B were
constants. A simple conversion from air to water temperature would make the WQI model more
accessible and flexible.
The data was split into two portions: the one before the 20-year missing data gap (19501991), and the dataset proceeding it (2011-2015). Figure 24 demonstrates the linear regression
results. The linear regression resulted in the Equation 11, with a R2 = 0.8210 for the first data
range (1950-1991):
𝑇𝑤 (𝑡) = 17.532 + 0.8264 ∙ 𝑇𝑎 (𝑡)

(11)

Figure 24 Air temperature and water temperature linear relationship from aggregated datasets
from observed data within the Western Lake Erie Basin (1950-1991)
where Tw and Ta were water and air temperature in degrees Celsius, respectively, at day t.

99
The linear regression for the second dataset (2011-2015) was also derived:

Figure 25 Air temperature and water temperature linear relationship from aggregated datasets
from observed data within the Western Lake Erie Basin (2011-2015)
𝑇𝑤 (𝑡) = 18.417 + 0.8536 ∙ 𝑇𝑎 (𝑡)

(12)

where Tw and Ta were water and air temperature in degrees Celsius, respectively, at day t.
Figure 25 shows the linear regression between the observed water temperature and the
observed air temperature for the data for 2011-2015. The linear relationship is similar to that of
1950-1991 data.
Thus, the 1950-1991 linear equation provided a means for which to calculate theoretical
water temperatures from observed air temperatures. Figure 26 shows the correlation between the
observed air temperature and the theoretical water temperatures for 2011 -2015, using the 19501991 linear relationship to derive the theoretical water temperatures.
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Figure 26 Air temperature and theoretical water temperature linear relationship from aggregated
datasets from observed data within the Western Lake Erie Basin (2011-2015)
There is potential to improve on finding the relationship between water and air
temperature. The water temperature becomes difficult to measure after 0 C, as it begins to
freeze and change state from liquid to solid. This creates a tail that plateaus at zero, even after the
air temperature decreases. However, since the linear regression had an acceptable R2 value as
according to the water quality performance analysis for hydrological models (Moriasi et al.,
2015), the relationship could be used to calculate preliminary results using for assessing the
water quality status. Further work would include running further statistical analysis and
improving upon the water to air temperature relationship.
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